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ABSTRACT 
In wastewater treatment, there is an increasing focus on nutrient and energy recovery and a reduction 
in energy consumption to counter climate change. Because of this, integrated mathematical modelling 
platforms are required to support plant-wide developments making use of emerging, resilient and 
environmental-friendly technologies. A reliable model description of a wastewater treatment plant 
should include both biology and physico-chemistry. However, existing standard models used across 
the wastewater sector have a biological focus with over-simplified descriptions of important physico-
chemistry, especially with minerals precipitation which is a very important class of physicochemical 
reactions.   
As part of development of a more widely applicable physicochemical framework, this thesis sought 
to identify a suitable minerals precipitation modelling approach that could give reasonable results in 
mainstream use with wastewater treatment. This research aim was approached in three steps. Firstly 
a review of available modelling approaches suggested a simple equilibrium kinetic-based modelling 
approach could be feasible. This approach was then validated in a simple system of calcite in synthetic 
solutions using pH titration experiments with the reliable Constant Composition Method (CCM). 
Further statistical analysis focused on clarifying key environmental factors that influence calcite 
precipitation to determine whether these are necessary to include in a model. Secondly, the proposed 
model approach was further tested on different types of wastewater and for multiple parallel 
precipitation reactions. Experiments included dynamic titration or aeration with synthetic wastewater 
and real wastewater. Thirdly, the general physicochemical modelling approach was implemented in 
a plant-wide platform together with standard biological models, namely activated sludge model No 2 
(ASM2d) and Anaerobic Digestion Model No. 1 (ADM1). The plant-wide model evaluation 
compared simulations with real data from a full-scale wastewater treatment plant, and used steady-
state, dynamic and scenario analyses to test the model performance.  
Experimental evidence for calcite precipitating in synthetic aqueous solutions, suggested that 
minerals precipitation kinetics could be reliably described with a 1st order dependency on mineral 
solid state Xcryst and a 2
nd or 3rd order dependency on supersaturation. This results in a kinetic rate law 
for each mineral with a single adjustable kinetic rate parameter (kcryst). Such a kinetic rate law has the 
major advantages of not requiring detailed analysis of mineral surface area present in a wastewater 
(usually impossible to reliably measure or track), while still being able to model nucleation induction 
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where very low seed concentrations exist. The model approach was observed to be more tolerant to 
a fast precipitation rate coefficient (kcryst = 0.23 h
-1), which implied that a modeller could select an 
arbitrarily high kinetic rate coefficient (kcryst>0.23 h
-1) where inadequate process data is available to 
estimate kcryst values. The equilibrium part of the model is fully resolved by well-established aqueous 
electrolyte equilibrium thermodynamics, and thus did not require any adjustment of model 
parameters. Model analysis of the rate of calcite precipitation indicated that supersaturation and 
temperature had strong effects and should be included in a kinetic rate law. Magnesium impurity had 
a moderate effect and so model correction for this may be optional. Ionic strength and pH only 
impacted on equilibrium.  
Further testing for multi-species systems in real wastewater indicated that precipitation was 
dominated by the mineral struvite, forming together with varied and minor amounts of calcium 
phosphate and some calcium carbonate. Kinetic rate coefficients (kcryst), which were statistically 
fitted, were generally in the range 0.35-11.6 h-1 with 95% confidence intervals of 10-80% relative. 
The results confirmed that the baseline model approach provided a statistically good fit of measured 
pH, dissolved calcium, magnesium, total inorganic carbon and phosphate. With this application, the 
precipitation modelling approach offered the advantage of only requiring a minimal number of 
empirical fitted parameters (kcryst values), resulting in improved model statistics and identifiability. 
Confidence regions for kinetic rate coefficients were often asymmetric with model-data residuals 
increasing more gradually with larger coefficient values. These observations again suggested that 
large kinetic coefficients could be used when actual measured data are lacking for particular 
precipitate-matrix combinations. Correlation between kinetic rate coefficients of different minerals 
was low, indicating that parameter values for individual minerals could be independently fitted 
(keeping other model parameters constant).  
The present thesis has also developed and validated application of a plant-wide model with minerals 
precipitation. With default rate kinetic and stoichiometric parameters, a good general agreement was 
obtained between a full-scale experimental dataset and simulated results for different water and 
sludge streams around a wastewater treatment plant under steady-state conditions. Dynamic 
simulations indicated that a plant-wide model can be important and extremely useful for prototyping 
nutrient recovery. 
The overall findings of this thesis suggested that a reliable description of minerals precipitation could 
be obtained, using a common equilibrium-kinetic approach with an arbitrarily fast mineral 
precipitation rate parameter and 1st order dependency on mineral state. The thesis also evaluated 
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alternative approaches to identification of minerals, and clarified model behaviour in terms parameter 
confidence regions and correlation.
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CHAPTER 1 
GENERAL INTRODUCTION 
1.1 Research background and motivation 
1.1.1 Mathematical models in wastewater treatment  
Wastewater is now increasingly considered to be a source for renewable resources (McCarty et al. 
2011). Paradigm shifts are taking place with more focus on nutrient and energy recovery and on the 
reduction of energy consumption. The drivers are to counter climate change while paving the way for 
emerging, resilient and environmentally-friendly technologies (Batstone et al. 2015a). Such 
sustainable technologies include those that are already commercially available, like struvite, as well 
as many others under development (Batstone et al. 2015a, Mo and Zhang 2013). In some parts of the 
world, wastewater treatment plants have been rebranded as water resource recovery facilities 
(Sweeney and Kabouris 2014). In light of this new paradigm, new efficient tools are required in the 
design and operation of such resource recovery facilities to meet the ever-increasing pressures of 
limited water, nutrients and energy (Khiewwijit et al. 2015). Novel integrated mathematical 
modelling platforms can support such whole-of-wastewater treatment plant developments, but would 
need simultaneous descriptions of biological and physicochemical processes that occur in wastewater.  
In recent years, the development of mathematical process models has become a matter of growing 
interest in the wastewater treatment field (Batstone et al. 2002, Grady Jr et al. 2011, Henze et al. 
1995). Models have been successfully used as important engineering tools in research, process design, 
training, control and optimization of physical, chemical and biological processes. However, to date 
the emphasis of model development has largely been on the mathematical description of biological 
reactions in wastewater treatment (Batstone et al. 2002, Henze et al. 2000). Much less attention has 
been given to the many abiotic physicochemical reactions that occur in wastewater treatment, even-
though such reactions are considered essential to achieve effective treatment (Batstone et al. 2012). 
Consequently, existing process models used across the wastewater sector have inherent limitations 
due to over-simplistic and rudimentary descriptions of important physicochemical reactions, which 
impact on general applicability (Batstone 2009). In general, many wastewater treatment models 
require a systematic upgrade with respect to physico-chemistry.  
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1.1.2 Physicochemical reactions in wastewater 
Physicochemical reactions occur without the need for a biological mediator (Batstone et al., 2012). 
The major types of physicochemical reactions in wastewater treatment are weak acid-base reactions, 
gas-liquid transfer, chemical redox reactions, solid-liquid phase transformations (ie. chemical 
precipitation/crystallization/dissolution) and surface exchange (sorption/desorption) (Figure 1.1).   
 
 
Figure 1.1 – Major physicochemical processes occurring in a typical wastewater. This involves a 
three-phase system of an aqueous phase, gas phase and solid phase, all chemically interacting. 
Physicochemical reactions heavily influence biological processes that occur in activated sludge and 
anaerobic digestion treatment (Batstone et al. 2012). For example, the pH of a wastewater impacts on 
chemical species distribution of the weak acid-base systems such as ammonia, carbonate, phosphate, 
sulphate and volatile fatty acids. These in turn dictate, indirectly via pH or through direct inhibition, 
the rate of many biological processes including nitrification/denitrification, uptake/release of 
phosphorus and anaerobic digestion (Flores-Alsina et al. 2016, Ganigué et al. 2010, Hellinga et al. 
1999, Lopez-Vazquez et al. 2009, Serralta et al. 2004, Van Hulle et al. 2007). Furthermore, the weak 
acid-base system impacts on other physicochemical processes such as chemical precipitation, 
spontaneous minerals precipitation and stripping of carbon dioxide and ammonia (Loewenthal et al. 
1995), as also highlighted in Figure 1.1. Current standardized biological models in the wastewater 
sector such as the ASM and ADM series (Batstone et al. 2002, Henze et al. 2000) contain limited and 
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simplistic descriptions of physicochemical reactions (Batstone 2009, Batstone et al. 2012). For 
instance, the activated sludge model series does not consider pH, but rather tracks a semi-empirical 
alkalinity state (Henze et al. 2000).  One of the limitations of this semi-empirical alkalinity state is 
that it does not provide a means to simulate interactions with other relevant physicochemical 
reactions, such as minerals precipitation (Batstone et al. 2012). On the other hand, ADM1 outlines an 
approach to model pH, but would require ion non-ideality corrections to extend the approach beyond 
low strength wastewaters (Batstone et al. 2012). There is need for a more comprehensive modelling 
platform to improve the description of physicochemical reactions occurring under a variety of 
conditions in wastewater treatment. 
Although the impact of physical and chemical reactions has been undervalued in the past, many 
studies have now highlighted their prevalence and importance (Batstone 2009). Physicochemical 
modelling of wastewater has therefore become an important field of research and development during 
recent times (Flores-Alsina et al. 2015b, Lizarralde et al. 2015, Maurer et al. 1999, Musvoto et al. 
2000b, Solon et al. 2015, Tait et al. 2012, Wrigley et al. 1992). Currently, there are significant 
worldwide efforts being invested in addressing shortfalls in physicochemical descriptions in industry-
standard models. These international efforts include a Task Group of engineering practitioners and 
researchers which was formed in 2011 by the International Water Association (IWA, 2013). This 
Task Group has emphasized the need for a systematic approach to model development, with well-
defended development steps, ultimately leading to a generally applicable approach to modelling 
physicochemical reactions (Batstone et al. 2012). The present PhD project was positioned within this 
Task Group with a particular focus on minerals precipitation modelling.  
1.1.3 Minerals precipitation modelling approach 
The emphasis of the present research is on modelling of a particular class of physicochemical 
reactions, namely minerals precipitation, due to (a) its widespread influence in wastewater treatment, 
and due to (b) over-simplistic descriptions in current industry reference models (Batstone et al. 2012).  
Minerals precipitation is important in wastewater treatment because; 
1. it sequesters soluble components in the wastewater into mineral precipitates, which can be 
separated from the treated aqueous phase (i.e. use of ferric/ferrous chloride for phosphorus 
removal); 
2. it causes well-known inorganic scale problems (Doyle and Parsons 2002); and 
3. it impacts on biological processes occurring in wastewater, both in positive ways (Chen et al. 
2008) (e.g. sulphide precipitation reducing sulphide toxicity in anaerobic digesters), and 
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negative ways (Batstone and Keller 2003, van Langerak et al. 2000) (e.g. scale formation in 
anaerobic sludge blanket reactors treating pulp and paper wastewater).  
Several studies have used different modelling approaches to gain an improved understanding of 
minerals precipitation mechanisms (Barat et al. 2011, Hauduc et al. 2015, Henze et al. 2000, 
Lizarralde et al. 2015, Maurer et al. 1999, Musvoto et al. 2000a, Smith et al. 2008, Szabó et al. 2008, 
Tait et al. 2009). Typically, unique modelling approaches have been applied to specific experimental 
datasets. Features of the various modelling approaches influence the complexity of specific models 
and parameter identifiability, simulation time and general applicability. For example, a model can 
adopt a kinetic-based description of minerals precipitation reactions with respective dynamic states 
and kinetic rate laws, and this enables definition of respective rates for various competing reactions 
(Musvoto et al. 2000a). Such a model can show realistic results, even when transformation between 
different solid mineral phases is occurring (e.g. such as aragonite converting into calcite). This is 
because the rate of precipitation for one mineral can be made dependent on the availability of a 
different precursor mineral (Barat et al. 2011). However, this enhanced descriptive basis increases 
model complexity with increased difficulty to identify kinetic rate parameter values (Rosen et al. 
2006).  
Other critical issues in development may include the identification of kinetic model parameters and 
the selection of relevant minerals to include in a precipitation model (Batstone et al. 2012). The 
identification of model parameters is often determined via a trial-and-error approach, due to the 
nonlinearity and complexity of a precipitating system (Barat et al. 2011, Musvoto et al. 2000a). 
However, such manual parameter fitting can be technically tedious and time-consuming, does not 
provide a unique optimal set of parameters, is not scientifically robust, and does not quantify 
parameter uncertainty (Dochain et al. 2001, Donoso-Bravo et al. 2011). The selection of minerals to 
include in a model is typically based on prior experience (Musvoto et al. 2000a), and/or on 
equilibrium predictors (e.g. saturation indices) which quantify an extent of supersaturation for 
particular minerals based on aqueous phase composition (Barat et al. 2011, Joss et al. 2011b). Neither 
of these methods can fully guarantee a reliable selection of minerals to include in a model. Most prior 
studies have been carried out at low ionic strength and in pure solutions (Inskeep and Silvertooth 
1988, Nancollas and Koutsoukos 1980), and it is not known how well the results translate into real 
wastewater (Valsami-Jones 2001). Further, chemical equilibrium predictors do not capture kinetic 
effects (Wiechers et al. 1975).  An alternative method is based on statistical model analysis, whereby 
a precipitating mineral is included in a model if its kinetic parameter value is significantly different 
from zero (Batstone et al. 2009, Dochain et al. 2001, Donoso-Bravo et al. 2011).  A combination of 
prior knowledge, equilibrium predictors and robust statistical approaches could then provide 
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improved estimates of mineral formation. Such approaches could also assist with model identification 
of kinetic parameter values, which could be a separate indicator of important minerals to include in a 
wastewater treatment model. 
There is a need for dedicated experimental work focussed on systematic development of precipitation 
modelling approaches. This is especially the case in light of emerging trends towards nutrient and 
energy resource recovery, which in many cases are likely to involve minerals precipitation (Batstone 
et al. 2015a, Rahaman et al. 2014). Also, with increasing focus on plant-wide model descriptions 
(Gernaey et al. 2014), a generic robust precipitation modelling approach would be invaluable for 
mechanistic and engineering descriptions. The development of such minerals precipitation models 
requires a systematic analysis of existing approaches. The analysis would also need to identify 
minerals important for inclusion in the model, determine model parameter behaviour, and test and 
validate the minerals precipitation modelling in plant-wide settings. Such a systematic model analysis 
and validation has not previously been carried out.  
1.1.4 Plant-wide wastewater treatment modelling 
In the past, the major research emphasis in wastewater modelling was on modelling of separate unit 
processes and operations (Batstone et al. 2002, Henze et al. 2000, Takács et al. 1991). Process 
integration has, in comparison, received little attention. However, with progressive improvements in 
computational capabilities, the focus has now shifted towards plant-wide modelling of wastewater 
treatment (Gernaey et al. 2014, Ikumi 2011, Jeppsson et al. 2013). In a plant-wide model the 
input/output of one unit operation is the input/output of another unit operation downstream or 
upstream. Modelling a wastewater treatment plant as a whole provides the opportunity to study the 
effects of process dynamics and transformations in water and sludge lines (Batstone et al. 2006, Grau 
et al. 2007, Nopens et al. 2009, Volcke et al. 2006b) Figure 1.2 illustrates such transformations. Such 
modelling has proven to be very useful for optimization, design, operation, control strategies and 
mass balancing of whole-of-wastewater treatment plants (Ekama et al. 2006b, Gernaey et al. 2014, 
Puig et al. 2008). For instance, the kinetic exchange of phosphorus is very important and differs in 
the various parts of a wastewater treatment plant. Unlike COD and N balances, which have 
components in the gaseous forms (O2, N2 and NH3), phosphorus remains in the liquid/solid phases 
(Meijer et al. 2001). In the activated sludge, there is a net uptake of soluble phosphate as a result of 
intracellular molecular polyphosphate storage (Gujer et al. 1995). In addition, potassium (K+) and 
magnesium (Mg2+) are taken up to achieve electro-neutrality within the polyphosphate cell. In 
anaerobic digesters, phosphorus is released because of polyphosphate degradation leading to 
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increased soluble P concentration (Ikumi 2011). Sludge digestion also releases ammonia due to 
protein degradation (Henze et al. 2000). The released phosphorus may spontaneously bind with major 
polyvalent ions such as Mg2+, calcium (Ca2+) and ammonia nitrogen to form minerals such as struvite 
and calcium phosphate (Doyle et al. 2000, Ohlinger et al. 1998). On the other hand, when chemical 
precipitation is involved in the primary treatment, iron (Fe3+) will bind with phosphorus to form iron 
phosphate (Tchobanoglous et al. 2003). Anaerobic digestion of primary sludge will release 
phosphorus and Fe3+ is chemically reduced back to Fe2+ to bind with sulphide and form iron sulphide 
(Ge et al. 2013). A reliable description of the movements and cycling of phosphorus and metal cations 
between the biological system, solid precipitates and the aqueous phase is thus very important, and 
requires a physico-chemistry platform across a plant-wide model and linked with parallel biological 
models.   
 
Figure 1.2 – Plant-wide simplified conversion processes of major biological and physicochemical 
reactions occurring in a typical wastewater. 
Over the past years, a number of modelling studies have been carried out in plant-wide settings, 
linking physicochemical frameworks with biological models (Barat et al. 2013, Flores-Alsina et al. 
2015a, Ikumi 2011, Lizarralde et al. 2015). These studies have been successful at describing 
biological and physicochemical processes under dynamic conditions, and verifying model approaches 
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using laboratory experiments. However, the transferability of laboratory scale results to full-scale 
processes and real wastewater is not known, with large variations over time in influent wastewater 
flow rate, concentration and composition (Sin et al. 2005). More comprehensive analysis is needed 
to validate plant-wide models with expanded/improved physico-chemistry under dynamic conditions, 
and using real full-scale datasets.  
A key area of uncertainty of plant-wide applications is the integration of activated sludge and 
anaerobic digestion models. To date, the activated sludge model (ASM) series and anaerobic 
digestion models, in particular ADM1, have not been developed in a plant wide context and, 
importantly, have not had a common state set (mainly for reasons of complexity and simulation speed 
in single environment applications). For this reason, the ASM and ADM1 models have not integrated 
seamlessly in plant-wide models, and have typically required state conversion interfaces. In general, 
two main approaches have been used to develop plant-wide models. The first approach entails using 
one comprehensive model or “supermodel” to describe all the state variables and process expressions 
across the entire wastewater treatment plant (Barat et al. 2013, Seco et al. 2004). The main advantage 
being to avoid mapping one model’s output to another model’s input. However, the supermodel 
approach is less flexible than the alternative (interfaces) and is not easily expanded or contracted 
when new state variables or components need to be added or removed.  Futhermore, supermodels are 
inherently more numerically challenging and slower to simulate, since all state variables and 
conservation of elemental mass are always being considered in supermodels, even when not 
influential or not required in specific parts of a wastewater treatment plant (Grau et al. 2009, Volcke 
et al. 2006b).  Indeed, states near zero concentration can cause major numerical issues (for example, 
it is a problem tracking the concentration of methanogens through aerobic stages). As an alternative 
to the supermodel approach, individual models have been be linked via transformers or interfaces that 
convert the states of one model into the corresponding states of another model (Jeppsson et al. 2006, 
Nopens et al. 2009, Volcke et al. 2006b). This approach is relatively flexible, allows connection of 
existing standard models, and reduces computational redundancies compared to supermodels. The 
BSM2 uses such interfaces (Gernaey et al. 2014). Recent developments in plant-wide modelling of 
phosphorous (done in conjunction with this PhD) have required extension of interfaces to allow 
integration of activated sludge models, ASM2d and ADM1 with other new added processes (Flores-
Alsina et al. 2016). Such an extension enables the integration of specialised biological models with a 
more generalised physicochemical model, to properly evaluate plant-wide impacts of minerals 
precipitation across processes. 
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1.2 Research aim and objectives  
To address the above-stated issues, and model limitations and opportunities, the present thesis 
systematically tests and develops a minerals precipitation modelling approach using a number of 
study systems, to ultimately identify a suitable approach for plant-wide applications. The specific 
objectives of the thesis are: 
1. To develop a minerals precipitation modelling approach with an appropriate (minimum) level 
of complexity using experimental validation studies with calcite precipitating under ideal test 
conditions.  
2. To test the modelling approach identified in (1) above against experimental datasets with 
multiple minerals precipitation and on real wastewater.  
3. To integrate the physicochemical model including minerals precipitation with standard 
biological models within a plant-wide context and validate the plant-wide modelling approach 
with real full-scale plant data.   
1.3 Research approach and thesis structure  
Figure 1.3 outlines the research method of the thesis. Available modelling approaches were reviewed 
and a promising candidate modelling approach was elected and was then assessed and further 
developed against targeted datasets from three study systems examined during the thesis. The 
assessment allowed a detailed analysis of model performance vs. model complexity issues, model 
parameter identification and model validation over a reasonable breadth of application. In general, 
the analysis considered model performance based on statistical analysis and practical utility decision 
criteria. As a result, an equilibrium kinetic-based modelling framework was selected to describe the 
physicochemical processes, in particular solids precipitation. This model approach is described in 
depth in Chapter 2 of the thesis. The adopted model was validated in a simple precipitation system of 
calcite in synthetic solutions using pH titration experiments via the reliable Constant Composition 
Method (CCM) (Koutsoukos et al. 1980, Tomson and Nancollas 1978). Further statistical analysis 
focused on clarifying key environmental factors that influence precipitation, to determine whether 
these are to be considered in a model. This calcite study is reported in Chapter 3 of the thesis. The 
precipitation modelling approach was further validated with multiple minerals, via dynamic titration 
experiments with precipitation in synthetic wastewater, but also via aerated precipitation experiments 
in real wastewaters. This expanded study is reported in Chapter 4 of the thesis. In line with the aim 
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of the thesis, the general physicochemical modelling framework was implemented at a plant-wide 
scale coupled with standardized biological models, namely activated sludge model No 2 (ASM2d) 
and Anaerobic Digestion Model No. 1 (ADM1). The plant-wide model evaluation was based on a 
check of its capability to describe the water and sludge streams at different point in the plant using 
real full-scale measurement data. Furthermore, different full-scale scenario analyses were carried out 
to simulate the plant under dynamic influent conditions so as to evaluate the plant-wide model 
performance. This plant-wide model study is reported in Chapter 5 of the thesis.  
 
Figure 1.3 – Conceptual diagram outlining the model development approach applied in this thesis 
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The thesis structure can be summarised as follows: 
 Chapter 2 provides an overview of past model developments, given with a description and 
justification of the modelling approach selected for testing in this thesis. 
 
 Chapter 3 focuses on the testing and validation of the modelling approach with a simple 
system of calcite precipitating in synthetic solutions. This chapter has been published as 
follows: “Kazadi Mbamba, C., Batstone, D.J., Flores-Alsina, X., Tait, S. (2015a). A 
generalised chemical precipitation modelling approach in wastewater treatment applied to 
calcite. Water Research 68(1), 342-353.” 
 
 Chapter 4 focuses on systematically testing the modelling approach of Chapter 3, but in 
complex systems with real wastewater and multiple precipitates. This Chapter has been 
published as follows: “Kazadi Mbamba, C., Tait, S., Flores-Alsina, X., Batstone, D.J., 
(2015b). A systematic study of multiple minerals precipitation modelling in wastewater 
treatment. Water Research 85, 359-370.” 
 
 Chapter 5 describes integration of the modelling approach of Chapters 3 and 4 together with 
industry-standard biological models into a plant-wide platform and testing against data from 
a real municipal wastewater treatment works. This Chapter has been published as follows: 
“Kazadi Mbamba, C., Flores-Alsina, X. Batstone, D.J., Tait, S. (2016). Validation of a plant-
wide phosphorus modelling approach with minerals precipitation in a full-scale WWTP. 
Water Research 100, 169-183.” 
 
 Chapter 6 discusses the general findings/outcomes of the thesis and outlines their 
significance.  Further Chapter 6 also provides general conclusions, perspectives, and 
recommendations for future work. 
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CHAPTER 2 
MODEL DEVELOPMENT 
2.1 Introduction  
This chapter reviews the relevant literature underpinning the thesis and identifies key research gaps 
that are addressed by the thesis. The chapter also provides a more in-depth description of the 
modelling approach being tested in the thesis, with reference to key limitations in current wastewater 
treatment models that are being addressed in the thesis. 
2.2 Overview of biological models  
2.2.1 Activated sludge models 
Several activated sludge models have been developed over the years to describe the removal of COD, 
nitrogen (N) and phosphorus (P) during wastewater treatment (Barker and Dold 1997, Brdjanovic et 
al. 2000, Gujer et al. 1995, Gujer et al. 1999, Henze et al. 2000, Meijer et al. 2001). The ASM series 
(ASM1, ASM2, ASM2d and ASM3) is considered the industry reference model for activated sludge 
processes, is found in many commercial software packages and has also been the basis for further 
modelling research on activated sludge treatment (Gernaey et al. 2004, Gujer et al. 1995, Henze et al. 
2000). The emphasis of the ASM series was on modelling of activated-sludge biology, which can 
include the removal of organic carbon compounds, nitrogen and phosphorus, depending on the 
specific plant design and configuration. 
More recent extensions have targetted novel applications such as estimation of greenhouse gas 
emissions from wastewater treatment (Ni and Yuan 2015, Ni et al. 2013) and short-cut nitrogen 
removal (Ni et al. 2014, Volcke et al. 2006a). The original ASM series only contained limited targeted 
physico-chemistry (Batstone et al. 2002), partly due to the relative robustness of activated sludge 
processes and because of insufficient computational power to justify more comprehensive 
physicochemical models. For example, the activated sludge model (ASM) series does not model pH 
or chemical species in the aqueous system, but rather tracks a semi-empirical alkalinity state as an 
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indicator of process resistance to intolerable pH swings (Batstone et al. 2012). One of the limitations 
of the ASM alkalinity state is that it does not allow modelling of pH effects on minerals precipitation 
and gas transfer processes. ASM2d has a simple kinetic-based approach based on a pseudo-
equilibrium reaction for modelling of chemical phosphorus precipitation by iron (Gujer et al. 1995). 
This pseudo-equilibrium reaction appears to be attractive from a simplicity perspective, but the 
reliability of this approach is yet to be fully confirmed.  
2.2.2 Anaerobic digestion models 
Anaerobic digestion is a biological treatment process for the degradation and stabilization of primary 
and waste activated sludges from municipal wastewater treatment, leading to the generation of 
valuable methane gas (Grady Jr et al. 2011, Tchobanoglous et al. 2003). A variety of simple steady-
state and complex dynamic models have been developed to simulate and assess anearobic processes 
(Batstone 2006, Costello et al. 1991, Donoso-Bravo et al. 2011, Zakkour et al. 2001). The anaerobic 
digestion model proposed by the IWA (ADM1) (Batstone et al. 2002) is probably the most widely 
accepted and applied for the simulation of anearobic processes. It summarises the key biological steps 
of anaerobic digestion into the grouped reactions of disintegration and hydrolysis, acidogenesis, 
acetogenesis and methanogenesis, and does represent some physico-chemistry of simple acid-base 
reactions and liquid-gas transfer (Figure 2.1 (Batstone et al. 2002)). However, although ADM1 is 
comprehensively detailed with respect to the biology of anaerobic digestion, it has limitations for 
application to plant-wide models of wastewater treatment and tracking of phosphorus (Batstone et al. 
2012, Nopens et al. 2009). ADM1 does not model the biology nor the physico-chemistry of 
phosphorus, and the release of phosphorus in anaerobic digesters affects pH and spontaneous minerals 
precipitation, which can also influence the activated sludge system indirectly via the recycling of 
centrate (Batstone et al. 2012, Batstone et al. 2006).  
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Figure 2.1 – Biochemical (vertical) and physicochemical processes (horizontal) in an anaerobic 
digester. AA, amino acids; MS, monosaccharides; HVFA, associated organic acids; VFA-, 
dissociated organic acids; HAc, acetic acid; Ac-, acetate. Adapted from Batstone and Jensen 
(2011). 
Recent efforts have been directed at extending existing physicochemical approaches in ADM1 to 
model more complex systems, with non-ideality corrections for ion pairing and ion activity (Flores-
Alsina et al. 2016, Nielsen et al. 2008, Solon et al. 2015, Zhang et al. 2015). Corrections of activity 
coefficients and ion pairing appear to be essential for accurate predictions of digester pH in many 
cases (Solon et al. 2015) and are required for precipitation processes (Tait et al. 2012). Another key 
limitation in the ADM1 model is the exclusion of biokinetics and physico-chemistry for sulphur and 
iron, which interact with phosphorus via inhibition and precipitation mechanisms (Flores-Alsina et 
al. 2016). The modelling of iron and sulphur also improves the accuracy of pH predictions (Flores-
Alsina et al. 2016). Another shortcoming of the original ADM1 is that nitrogen release in organism 
decay is not included and a nitrogen mass balance is thus not strictly maintained. Nitrogen release 
impacts on anaerobic digester supernatant quality. 
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The ADM1 can be implemented as an ordinary differential equation set (ODE) or a differential 
algebraic equation set (DAE) (Batstone et al. 2002). Due to large time constant differences between 
fast and slow reactions, the implementation of ADM1 in the ODE form can lead to substantial model 
stiffness (Rosen et al. 2006). In comparison, the DAE implementation is computationally robust, has 
a reduced number of differential states, reduces model stiffness by separating fast processes, such as 
pH charge balance, as part of an algebraic loop (Rosen et al. 2006).  
2.2.3 Limitations in current biological models 
As outlined above, the industry-standard models largely deal with biotic processes in wastewater 
treatment and the description of essential physicochemical/abiotic reactions has been somewhat 
rudimentary. Physicochemical reactions in the standard models have been limited to targeted acid-
base reactions for pH calculations in ADM1 and alkalinity health checks in the ASM series (Batstone 
et al. 2012). Table 2.1 summarises current approaches for physico-chemistry in various industry-
standard models.  
The omission of key physicochemical reactions is an important issue to be addressed (Batstone et al., 
2012). For instance, ion activity and ion pairing corrections are required to improve plant-wide model 
predictions (Flores-Alsina et al. 2015b, Solon et al. 2015). Furthermore, dynamic modelling of the 
phosphorus, sulfur and iron cycles with minerals precipitation are required to effectively describe 
physicochemical and biological transformations in activated sludge and anaerobic digestion in the 
plant-wide context (Flores-Alsina et al. 2016). 
2.2.4 Commercial software in the wastewater field 
A wide range of plant-wide modelling platforms have been previously devised based on the ASM 
and ADM1 series (or variants therof) and are now readily applied in wastewater treatment with the 
aid of commercial simulators. Key examples of popular simulators are BIOWIN (Envirosim & 
Associates Ltd.), WEST, GPS-X, SUMO and SIMBA. These software packages are used in almost 
all sectors such as consulting, research, utilities and academia. These simulators now incorporate 
most treatment units and technologies as well as a wide range of models i.e. activated sludge, biofilm, 
anaerobic digestion, clarification and other specialized models such as aeration and energy use. As 
far as physico-chemistry is concerned, some of these simulators have already addressed to some 
extent the shortcomings in the ASM and ADM1 model series. For example in BIOWIN, an integrated 
kinetic/equilibrium approach is applied to model physicochemical processes as follows: 
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 pH is modelled through a combined kinetic/equilibrium with kinetic/equilibrium approach for 
limited weak acid-base reactions without further ion pairing; 
 Phosphorus removal with alum or ferric in the preliminary treatment is modelled using an 
equilibrium approach; 
 Spontaneous mineral precipitation is described with kinetic equations based on previous work 
(Ekama et al. 2006a, Maurer et al. 1999, Musvoto et al. 2000a, van Rensburg et al. 2003). 
 Gas stripping is represented by kinetic equations. 
However, since the basis of physicochemical models included in plant-wide commercial packages 
are not published in the open literature (e.g. the validating experimental basis is not openly available), 
the structure and validity of such models remain unknown. Also, in general, the commercial software 
may require further improvements on physicochemical aspects, such as ion pairing corrections, 
minerals precipitation reactions and identification of potential minerals to include in plant-wide 
WWTP models. 
 
Table 2.1 – Physicochemical reactions in current wastewater models (adapted from (Batstone et 
al., 2012)) 
Model Acid-base Gas-liquid Solid-liquid 
ASM1/ASM3                  
(Henze et al. 2000) 
Alkalinity state Liquid-film controlled None 
ASM2/ASM2d             
(Henze et al. 2000) 
Alkalinity state Liquid-film controlled Empirical P complex 
ADM1                            
(Batstone et al. 2002) 
pH calculated, 
valid for low 
ionic strength 
Liquid-film controlled None 
RWQM1                       
(Reichert et al. 2001)  
pH calculated, 
valid for low 
ionic strength 
Liquid-film controlled Empirical 
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2.3 Model time constant issues: Kinetics vs. equilibrium  
Some studies (Ekama et al. 2006a, Musvoto et al. 2000a, van Rensburg et al. 2003) have applied a 
fully kinetic approach for both fast reactions (e.g. acid-base systems) and slow reactions (e.g. minerals 
precipitation reactions). This approach works well but increases the number of dynamic state 
variables. Further, this fully kinetic approach limits the numerical solution to stiff solvers, which have 
many other issues, including intolerance to input changes, discontinuities, noise in sensors and 
controllers, and controller action (Rosen et al. 2006). Non-stiff solvers are intolerant to stiff systems, 
because forward numerical solution stability, and hence step length are controlled by the rapid 
process, whilst the dynamics time scale is dictated by the slow processes (Batstone et al. 2012). A 
combined kinetic-equilibrium approach can be a flexible alternative, allowing rapid processes to be 
treated with an algebraic equation set, while the slow kinetic processes are treated via a differential 
equation set (Batstone et al. 2012). Thus, computational efficiency can be optimised (Batstone et al. 
2012). This is also done in the present thesis, where reactions occurring in the aqueous phase (acid-
base and other ion-pairing reactions) are assumed to be at quasi-equilibrium and are thus described 
by a set of non-linear algebraic equations, whereas minerals precipitation reactions are treated as slow 
dynamic processes described by a set of differential equations with a dedicated rate expression for 
each reaction. Another advantage of an equilibrium-kinetic model is that it can be readily combined 
with biological models in a plant-wide platform, as is illustrated in Chapter 5.  
2.4 Aqueous phase: Algebraic equation set 
The set of non-linear algebraic equations which was used to describe the aqueous phase composition 
was formulated by substituting laws of mass action into species contribution balances (Morel and 
Hering 1993). The species contribution balances account for the spread of mass balance entities 
(dynamic state variables, such as dissolved phosphate phosphorus) across chemical species which are 
believed to actually be present in the aqueous phase (such as phosphoric acid, H2PO4
- ions, HPO4
2- 
ions and PO4
3- ions).  
2.4.1 Definition and selection of chemical species and iterative species 
Equilibrium controlled reactions occurring in the aqueous phase typically include weak acid-base 
reactions and other ion pairs (Stumm and Morgan 1996). The equilibrium system is represented by a 
set of components (defined as components or master species in geochemical software packages) and 
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chemical species as defined by Westall et al. (1976). Components are defined in a mathematical sense 
as a set of linearly independent chemical entities such that every chemical species can be uniquely 
represented as a linear combination of those components (zero degrees of freedom), while a species 
consists of the species itself. Iterative species are selected from the lists of chemical species (and so 
are chemical species themselves, even if treated as distinguishable) and are used to iteratively 
compute the chemical species distribution in an aqueous phase (Morel and Morgan 1972, Stumm and 
Morgan 1996). The concentration of the other species (not iterated) can then be simply calculated by 
substituting the solved concentrations of the iterated species back into the laws of mass action. 
Chemical entities which are measured in the wastewater by analytical techniques (e.g. total inorganic 
carbon), are often selected as model components to aide the comparison between modelled and 
measured wastewater characteristics.  For example, measured total inorganic carbon (the component) 
would consist of CO3
2-, HCO3
-, and H2CO3 in the aqueous phase (all chemical species). Of these, two 
will be other species and one will be an elected iterative species (CO3
2- or HCO3
- or H2CO3). The 
selection of the iterative species is somewhat arbitrary, but can facilitate a numerical solution by 
selecting iterative species that are present at relatively high proportions in the wastewater being 
modelled (Morel and Morgan 1972, Stumm and Morgan 1996).   
Elements with more than one predominant oxidation state are accounted for with multiple 
components, each with corresponding iterative species. For example, Fe2+ and Fe3+ are both selected 
as separate model components (eventhough measurements would give total dissolved iron Fe), each 
with a corresponding iterative species to reflect the redox conditions. The selection of a general set 
of components, iterative species and other species is the initial step in preparing the equilibrium model 
part. In this thesis, the least protonated (or reduced) species and the unhydrolyzed forms of metals 
(e.g. PO4
3-, CO3
2-, Na+, Cl-) were typically selected as iterative species. Depending on the pH of the 
tested wastewater system, some of these selected iterative species would have been dominant species 
in terms of concentrations while others were not.  However, the speciation model was formulated to 
be reasonable for description of wastewater across a wide range of pH values, therefore the choice of 
least protonated and free-form ion species seemed most appropriate. Furthermore, for compatibility 
with minerals precipitation, most of the ions directly involved in the precipitation reactions were 
chosen a priori as iterative species for improved precision.  The choice of the iterative species was 
also guided by the form of standard geochemical software packages used for cross-validation (Visual 
MINTEQ) (Gustafsson 2015).  
For a typical wastewater, 20 universal iterative species (Ac-, Al3+, Bu-, CO3
2-, Ca2+, Cl-, Fe2+, Fe3+, 
H+, HS-, K+, Mg2+, NH4
+, NO2
-, NO3
-, Na+, PO4
3-, Pro-, SO4
2-, Va-) and 118 species were identified. 
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However, for illustration purposes, Table 2.2 shows a reduced stoichiometric matrix of components 
(columns) and species (rows) in the so-called Tableau formulation (Morel and Hering 1993), 
containing 12 components (and thus 12 corresponding iterative species) and 54 other species.   
The equilibrium constants are listed in logarithmic form in the corresponding row in the most right 
column for each reaction that forms the chemical species given in the most left column. For example, 
the reaction NH4
+ + SO4
2- <-> NH4SO4
- produces the chemical species NH4SO4
- as its product, and 
has a corresponding 𝑙𝑜𝑔𝐾 value = 1.03 listed in the most right column. The rows in the table represent 
the stoichiometry of the equilibrium relationships for the 66 chemical species, while the columns in 
the table represent the stoichiometry of the 12 species contribution balance equations. As a result, the 
contribution balance for each component, and the proton balance (more on alternatives below), the 
mass action relationships, and all the thermodynamic data, can be neatly presented in the Tableau 
format as in Table 2.2.  
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Table 2.2 – Stoichiometric matrix of iterative species-species for a typical wastewater system  
Components → i 1 2 3 4 5 6 7 8 9 10 11 12 
𝒍𝒐𝒈 𝑲 
j 
 
Species 𝑯+ 𝑵𝒂+ 
 
𝑲+ 
 
𝑵𝑯𝟒
+ 𝑪𝒍− 𝑨𝒄− 𝑷𝒓− 𝑪𝒂𝟐+ 𝑴𝒈𝟐+ 𝑪𝑶𝟑
𝟐− 𝑺𝑶𝟒
𝟐− 𝑷𝑶𝟒
𝟑− 
Iterative  Species              
1 
 
𝐻+ 1            0 
2 𝑁𝑎+  1           0 
3 𝐾+   1          0 
4 𝑁𝐻4
+    1         0 
5 𝐶𝑙−     1        0 
6 𝐴𝑐−      1       0 
7 𝑃𝑟−       1      0 
8 𝐶𝑎2+        1     0 
9 𝑀𝑔2+         1    0 
10 𝐶𝑂3
2−          1   0 
11 𝑆𝑂4
2−           1  0 
12 𝑃𝑂4
3−            1 0 
13 𝐶𝑎(𝑁𝐻3)2
2+ -2   2    1     -18.6 
14 𝐶𝑎𝐴𝑐−      1  1     1.18 
15 𝐶𝑎𝐶𝑙+     1   1     0.4 
16 𝐶𝑎𝐶𝑂3(𝑎𝑞)        1  1   3.22 
17 𝐶𝑎𝐻2𝑃𝑂4
+ 2       1    1 20.92 
18 𝐶𝑎𝐻𝐶𝑂3
+ 1       1  1   11.43 
19 𝐶𝑎𝐻𝑃𝑂4(𝑎𝑞) 1       1    1 15.04 
20 𝐶𝑎(𝑁𝐻3)
2+ -1   1    1     -9.04 
21 𝐶𝑎𝑂𝐻+ -1       1     -12.7 
22 𝐶𝑎𝑃𝑂4
−        1    1 6.46 
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Table 2.2 – Stoichiometric matrix of iterative species-species for a typical wastewater system 
(continued) 
Components → i 1 2 3 4 5 6 7 8 9 10 11 12 
𝒍𝒐𝒈 𝑲 
j 
 
Species 𝑯+ 𝑵𝒂+ 
 
𝑲+ 
 
𝑵𝑯𝟒
+ 𝑪𝒍− 𝑨𝒄− 𝑷𝒓− 𝑪𝒂𝟐+ 𝑴𝒈𝟐+ 𝑪𝑶𝟑
𝟐− 𝑺𝑶𝟒
𝟐− 𝑷𝑶𝟒
𝟑− 
23 𝐶𝑎𝑃𝑟+       1 1     0.93 
24 𝐶𝑎𝑆𝑂4 (𝑎𝑞)        1   1  2.36 
25 𝐻2𝐶𝑂3
∗(𝑎𝑞) 2         1   16.68 
26 𝐻2𝑃𝑂4
− 2           1 19.57 
27 𝐻3𝑃𝑂4 3           1 21.72 
28 𝐻𝐴𝑐(𝑎𝑞) 1     1       4.757 
29 𝐻𝐶𝑂3
− 1         1   10.33 
30 𝐻𝑃𝑂4
2− 1           1 12.38 
31 𝐻𝑃𝑟(𝑎𝑞) 1      1      4.874 
32 𝐻𝑆𝑂4
− 1          1  1.99 
33 𝐾2𝐻𝑃𝑂4(𝑎𝑞) 1  2         1 13.5 
34 𝐾2𝑃𝑂4
−   2         1 2.26 
35 𝐾𝐴𝑐(𝑎𝑞)   1   1       -0.27 
36 𝐾𝐶𝑙(𝑎𝑞)   1  1        -0.3 
37 𝐾𝐻2𝑃𝑂4(𝑎𝑞) 2  1         1 19.87 
38 𝐾𝐻𝑃𝑂4
− 1  1         1 13.26 
39 𝐾𝑂𝐻(𝑎𝑞) -1  1          -13.8 
40 𝐾𝑃𝑂4
2−   1         1 1.43 
41 𝐾𝑆𝑂4
−   1        1  0.85 
42 𝑀𝑔(𝑁𝐻3)2
2+ -2   2     1    -18.3 
43 𝑀𝑔2𝐶𝑂3
2+         2 1   3.59 
44 𝑀𝑔𝐴𝑐+      1   1    1.26 
45 𝑀𝑔𝐶𝑙+     1    1    0.6 
46 𝑀𝑔𝐶𝑂3(𝑎𝑞)         1 1   2.92 
47 𝑀𝑔𝐻𝐶𝑂3
+ 1        1 1   11.34 
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Table 2.2 – Stoichiometric matrix of iterative species-species for a typical wastewater system 
(continued) 
Components → i 1 2 3 4 5 6 7 8 9 10 11 12 
𝒍𝒐𝒈 𝑲 
j 
 
Species 𝑯+ 𝑵𝒂+ 
 
𝑲+ 
 
𝑵𝑯𝟒
+ 𝑪𝒍− 𝑨𝒄− 𝑷𝒓− 𝑪𝒂𝟐+ 𝑴𝒈𝟐+ 𝑪𝑶𝟑
𝟐− 𝑺𝑶𝟒
𝟐− 𝑷𝑶𝟒
𝟑− 
48 𝑀𝑔𝐻𝑃𝑂4(𝑎𝑞) 1        1   1 15.18 
49 𝑀𝑔𝑂𝐻+ -1        1    -11.4 
50 𝑀𝑔𝑃𝑂4
−         1   1 4.654 
51 𝑀𝑔𝑃𝑟+       1  1    0.97 
52 𝑀𝑔𝑆𝑂4(𝑎𝑞)         1  1  2.26 
53 𝑁𝑎2𝐻𝑃𝑂4(𝑎𝑞) 1 2          1 13.32 
54 𝑁𝑎2𝑃𝑂4
−  2          1 2.59 
55 𝑁𝑎𝐴𝑐(𝑎𝑞)  1    1       -0.12 
56 𝑁𝑎𝐶𝑙(𝑎𝑞)  1   1        -0.3 
57 𝑁𝑎𝐶𝑂3
−  1        1   1.27 
58 𝑁𝑎𝐻2𝑃𝑂4(𝑎𝑞) 2 1          1 19.87 
59 𝑁𝑎𝐻𝐶𝑂3(𝑎𝑞) 1 1        1   10.03 
60 𝑁𝑎𝐻𝑃𝑂4
− 1 1          1 13.45 
61 𝑁𝑎𝑂𝐻(𝑎𝑞) -1 1           -13.9 
62 𝑁𝑎𝑃𝑂4
2−  1          1 1.43 
63 𝑁𝑎𝑆𝑂4
−  1         1  0.74 
64 𝑁𝐻3(𝑎𝑞) -1   1         -9.24 
65 𝑁𝐻4𝑆𝑂4
−    1       1  1.03 
66 𝑂𝐻− -1            -14 
 
2.4.2 Algebraic equation set  
The full algebraic equation set defining the aqueous phase composition was formulated manually on 
the basis of the “Tableau” method (Morel and Hering 1993) as described above. This method is well-
established and is used in many standard and widely used geochemical speciation models, because it 
is easily expandable or contractable and is transparent. Because pH was modelled, the model also 
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included an additional equation to determine free proton concentration. Two options are available 
(Morel and Hering 1993): 
1. a contribution balance for the spread of protons between protonated and deprotonated 
species, commonly referred to as the proton balance approach; or 
2. a balance of ionic charges in the aqueous phase to achieve a net zero charge, commonly 
referred to as the electroneutrality condition and charge balance approach.  
Both the charge balance and proton balance approaches are mathematically equivalent and were both 
tested in this thesis, giving identical results. When a proton approach was used (Chapter 3), a proton 
balance was included as one of the columns in the Tableau (See Table 2.2) and was used to compute 
wastewater pH at every model time-step. Alternatively, when a charge balance was used (Chapters 
3-5), pH was instead calculated based on a balance of net cationic and anionic charges (residual 
charge). The ADM1 model advocated for the use of the charge balance approach (Batstone et al. 
2002). The proton balance was noted to be computationally more efficient than the charge balance. 
The proton balance required the quantification of the total concentration of protons or pH as an input 
(Loewenthal et al. 1995). Similarly, the charge balance sometimes requires the calculation of residual 
charge as an input (Batstone et al. 2002), unless all ionic components in the wastewater are known. 
In wastewater the pH in different reactors are often not known a priori and the concentration of total 
concentration of protons or the residual charge are not measured quantities. However, it is important 
then to note that at least one pH value must be known for initial condition estimates by either method, 
unless the composition of the wastewater is fully defined by stoichiometic ingredients (which is rarely 
the case). Both the charge balance and proton balance approaches are popular and are used in standard 
geochemical software (PhreeqC, Visual Minteq) (Allison et al. 1991, Gustafsson 2015, Parkhurst and 
Appelo 1999).  
2.4.2.1 Mass action (Equilibrium) equations re-formulated in terms of chemical activities  
The mass action equations describe the relative concentrations (or more strictly chemical activities) 
of species that are reactants and products of the relevant aqueous phase reactions. Mass action 
equations are normally formulated in one of two ways: 
1. The ion activity correction is indirectly applied on the equilibrium constant for each reaction 
by multiplying the equilibrium constant by activity coefficients of the contributing reactant or 
product (chemical) species, raised to the inverse power of their stoichiometric coefficient. 
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Then the species contribution balance equations are formulated and solved in terms of actual 
species concentrations (Loewenthal et al. 1995, Wiechers et al. 1975).  
2. The ion activity correction is directly applied on each actual concentration for each species 
leading to a contribution balance equation set expressed and computed in terms of chemical 
activities. 
Both approaches are mathematically equivalent. In this thesis, the second approach was used to 
formulate the mass action equations, because this method is commonly applied in many major 
geochemical equilibrium programs including PHREEQC and MINTEQA (Allison et al. 1991, 
Parkhurst and Appelo 1999). To more explicitly illustrate, for each species (𝑖) as defined by the 
“Tableau” rows, the activity of other species 𝑎𝑖 is related to the concentration of the selected iterative 
species 𝑎𝑗, as follows: 
 
𝑎𝑖 = 𝐾𝑖 ∏𝑎𝑗
𝑣𝑖𝑗
𝑁𝑐
𝑗=1
      𝑖 = 1, 2… ,𝑁𝑠𝑝                                       (2.1) 
where 𝐾𝑖 is the equilibrium constant of a corresponding reaction within which the species feature and 
corrected for temperature, 𝑣𝑖𝑗 is the stoichiometric coefficient of the 𝑗
𝑡ℎ iterative species in one mole 
of the 𝑖𝑡ℎ other species in the Tableau, 𝑁𝑐 is the number of components (and thus of iterative species) 
and 𝑁𝑠𝑝 the total number of species considered in the model. These mass action laws are represented 
by the rows in the Tableau notation. 
2.4.2.2 Species contribution balance equations 
As noted above there is one contribution balance 𝑇𝑂𝑇𝑗 for each selected component, which is the sum 
of the concentrations of the chemical species that includes the iterative species, multiplied by their 
corresponding stoichiometric coefficients in the component: 
 
𝑇𝑂𝑇𝑗 = 𝑍𝑗 + ∑𝑣𝑖𝑗
𝑁𝑠𝑝
𝑖=1
𝑍𝑖      𝑗 = 1, 2… ,𝑁𝑐                                       (2.2) 
where 𝑍𝑗 refers to the concentration of the 𝑗
𝑡ℎ iterative species, 𝑍𝑖 is the concentration of the 𝑖
𝑡ℎ 
(other) species. These contribution balances are represented by the columns in the Tableau notation. 
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As noted above, the molar concentrations in the species contribution balances are expressed in terms 
of activities by substituting the species concentrations (𝑍) with activities (𝑎) divided by the respective 
activity coefficient values (𝛾): 
 
𝑇𝑂𝑇𝑗 =
𝑎𝑗
𝛾𝑗
+ ∑𝑣𝑖𝑗
𝑁𝑠𝑝
𝑖=1
𝑎𝑖
𝛾𝑖
     𝑖 = 1, 2… ,𝑁𝑠𝑝                                         (2.3) 
where 𝑎𝑗 and 𝛾𝑗 refer to the activity and activity coefficient of the 𝑗
𝑡ℎ iterative species, respectively 
and 𝑎𝑖 and 𝛾𝑖 are respectively the activity and activity coefficient of the  𝑖
𝑡ℎ other species. To get the 
final set of equations to iteratively solve, the other species activities are replaced with corresponding 
mass action expressions as formulated in equation (2.1). In the full speciation model used in the thesis, 
20 contribution balance equations (one for each component/iterative species, excluding water) and 
118 mass action equations were used to define all the wastewater systems under study. Either a proton 
balance or a charge balance can be used for pH predictions, but not both, otherwise the algebraic 
equation set will become overspecified.  
2.4.3 Model corrections 
The chemistry of real wastewater has inherent complexities which require corrections for a model to 
reliably simulate reality. A brief description of available and adopted model corrections is presented 
in this section.  
2.4.3.1 Ion activity  
The concept of ion activity was introduced with the equation set above. Ion activity allows correction 
for non-ideality. Ideal behaviour would be observed in aqueous solutions where there is no interaction 
among chemical constituents. However, this would only be the case for very dilute aqueous solutions 
(Snoeyink and Jenkins 1980), which is almost never a reality. As the concentrations of constituents 
in a water increase, corrections are required due to deviations from ideality. Generally, an ionic 
solution departs from ideality due to the electrolytic interactions between soluble wastewater 
ingredients such as ions (Allard et al. 1997, Loewenthal et al. 1995) .  
The ionic strength of an aqueous phase estimates the content of charged soluble species (anions and 
cations) in a wastewater and their influence on wastewater chemistry. Ionic strength is calculated as 
follows: 
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𝐼 =
1
2
∑ 𝑧𝑖
2𝑍𝑖
𝑁𝑖𝑠𝑝
𝑖=1
 
                                                                       
(2.4) 
where 𝑧𝑖 and 𝑍𝑖 are the charge valency and concentration of ionic species 𝑖, respectively; 𝑁𝑖𝑠𝑝 is the 
number of ionic species present in the solution. The ionic strength of a wastewater is determined by 
the equilibrium spread of chemical species, which in-turn is influenced by the ionic strength via the 
corrections of activity coefficients on the equation set. As a result, ionic strength is to be computed 
iteratively, and this is done in the present study together with species concentrations using the 
algebraic equation set introduced previously.  
The extent of correction for non-ideal behavior depends on the ionic strength of the wastewater, with 
increasing corrections required for a higher ionic strength. Table 2.3 summarizes typical ionic 
strengths for various general wastewater types (Batstone et al. 2012, Tait et al. 2012). Ionic strength 
also influences the solubility of sparingly soluble salts (Tait et al. 2009), generally with an increase 
in solubility with increasing ionic strength (Morse et al. 2007).  
The extent to which the chemistry of a wastewater has deviated from ideal infinitely dilute conditions 
is quantified by using chemical activities instead of molar concentrations. Activities represent the 
relative state of respective concentrations as they would be under ideal solution conditions (Merkel 
et al. 2008, Morel and Hering 1993, Stumm and Morgan 1996):  
 𝑎𝑖 = 𝛾𝑖𝑍𝑖                                       (2.5) 
where 𝑍𝑖  represents the concentration of the 𝑖
𝑡ℎ ion and 𝛾𝑖 is the mean activity coefficient of the 
electrolyte describing how interactions among species influence the chemistry.  
The activity coefficient for a specific wastewater composition can be estimated by one of a number 
of empirical correlations, which include the Debye-Hückel, the extended Debye-Hückel, the 
Güntelberg, the Davies or the “WATEQ” approximation equations (Davies 1962). These equations 
are summarised in Table 2.4. 
In Table 2.4, 𝑧𝑖 is the respective charge (valence) of ionic species, AT and BT are temperature-
dependent empirical constants, and 𝑏𝑖 and 𝑐𝑖 are ion-specific parameters. The value of AT for 
temperatures ranging from 0 to 60oC can be estimated using the following expression (Loewenthal 
and Marais 1976): 
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 𝐴𝑇 = 1.825 × 10
6 × 𝑑 × (𝜖𝑇)−3 2⁄                                  (2.6) 
where 𝜖 is the dielectric constant of water as the solvent (78.3), 𝑑 the density of water (kg.L-1) and T 
the temperature (K). 
Table 2.3 – Ionic strength of various types of wastewater (compare with Table 2.4, column 3).  
Wastewater type  Total dissolved salts 
  (mg/L) 
 
Ionic strength  
(I, mole/L) 
Drinking water, clean natural 
fresh water 
 30-300 <0.001 
Weak industrial, all domestic.  300-800 <0.1 
Saline water, anaerobic 
digesters 
 5,000-10,000 <1 
Strong industrial, landfill 
leachate, RO brine 
 10,000-70,000 <5 
 
The Davies’ relationship, used in the present thesis, has been shown to satisfactorily represent the 
activity coefficients of multiple ions with little error introduced (Morel and Hering 1993). For 
example, the error in activity coefficient has been shown to be less than 3% and 8% for ionic strengths 
of 0.1 and 0.5 M, respectively (Loewenthal and Marais 1976).  However, a more recent 
physicochemical analysis conducted by Tait et al. (2012) showed that the selection of activity 
coefficient correction of wastewater may become critical at ionic strengths above 0.2 M.  
Although the level of complexity in an equilibrium-based model is bound to increase when non-
ideality corrections are accounted for, the underlying principles are well understood and is founded 
on a large body of prior work. In general, corrections for non-ideality are important. Nancollas et al. 
(1989) indicated that neglecting to account for activity coefficient corrections may introduce errors 
of several orders of magnitude in calculated activity products, especially when the ionic strength is 
high. This implies that the correction of interactions among ions in solution may markedly improve 
predictions by chemical precipitation models (Tait et al. 2009, Tait et al. 2012).
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Table 2.4 – Empirical models for activity coefficient calculation. 
Type Activity coefficient model Ionic strength validity range References 
Debye-Hückel log 𝛾± = − 𝐴𝑇𝑧𝑖  
2  𝐼1/2 0 – 0.005 Merkel et al. (2008) 
Extended Debye-Hückel 
log 𝛾± = − 𝐴𝑇𝑧𝑖  
2  (
𝐼1/2
1 + 𝐵𝑇 𝑐 𝐼1/2
) 
0 – 0.1 Merkel et al. (2008) 
Güntelberg 
log 𝛾± = − 0.5𝑧𝑖  
2  (
𝐼1/2
1 + 1.4𝐼1/2
) 
0 – 0.1 Sawyer et al. (2003) 
Davies 
log 𝛾± = − 𝐴𝑇𝑧𝑖  
2  (
𝐼1/2
1 + 𝐼1/2
− 0.3𝐼) 
0 – 0.5 Davies (1962), Morel and 
Hering (1993) 
WATEQ 
log 𝛾± = − 𝐴𝑇𝑧𝑖  
2  (
𝐼1/2
1 + 𝐵𝑇𝑐𝑖𝐼1/2
− 𝑏𝑖𝐼) 
0 – 1 Merkel et al. (2008) 
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2.4.3.2 Ion pairing 
As indicated above, ion pairs can be formed from the reactions of two or more species in the aqueous 
phase. For example, the dissolved ion pair CaCl+ is said to form by the pairing of the ionic species 
Ca2+ and Cl-. Some of the ion pairs are part of the charge balance or proton balance and therefore 
affect pH predictions for a wastewater system. A recent study (Solon et al. 2015) has demonstrated 
the usefulness of accounting for ion pairing in modelling of anaerobic digestion. In that study (Solon 
et al. 2015), it was found that ion pairing could be neglected in dilute wastewater, however at higher 
ionic strength (such as in typical anaerobic digesters) ion pairing effects became significant. In 
general, ion pairing reduces the availability of free ions in the aqueous phase that would participate 
in chemical precipitation reactions. 
2.4.3.3 Effect of temperature on equilibrium 
In general, variations with temperature between 0oC and 60oC in a wastewater system have a 
considerable impact on physicochemical reactions, owing to changes in equilibrium constants 
(Batstone et al. 2002). Although temperature corrections in a model can increase model complexity, 
omission of temperature corrections may lead to significant errors (Tait et al. 2012), with incorrect 
conclusions being drawn from a model. Temperature can influence both the equilibrium constants 
and kinetic rate parameters in a model for various chemical precipitation reactions occuring in a 
wastewater. It is not currently known whether temperature correction of kinetic rate parameters is 
neccesary in a wastewater treatment model. However, temperature correction of equilibrium 
constants only requires non-contestable (i.e., do not need estimation) parameters such as the standard 
enthalpy change for a respective reaction (H0). The van’t Hoff expression is commonly used to 
correct equilibrium constants for temperature, as follows: 
 
log𝐾𝑇 = log𝐾𝑇𝑟𝑒𝑓 − 
∆𝐻𝑟𝑒𝑓
𝑜
2.303 𝑅
(
1
𝑇
− 
1
𝑇𝑟𝑒𝑓
)                                       (2.7) 
where  𝑇𝑟𝑒𝑓, log𝐾𝑇𝑟𝑒𝑓 , 𝑅, 𝑇,  ∆𝐻𝑟𝑒𝑓
𝑜  are the reference temperature (usually 298K), the logarithm of 
the equilibrium constant at the reference temperature, the ideal gas constant (𝑅=8.324 J mole-1 K-1), 
the modelled system temperature (K) and the standard enthalpy change (J.mole-1) for the respective 
reaction at the reference temperature, respectively. 
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Analytical expressions are also available for correcting equilibrium constants of many reactions, and 
these are all more complex versions of the van’t Hoff expression that also consider variations in the 
enthalpy of reaction and specific heat capacities with temperature (Tait et al. 2012). The equilibrium 
constants and the enthalpy values used in the model of this thesis are sourced from the standard 
thermodynamic databases minteq.dat and minteq.v4.dat (Allison et al. 1991, Parkhurst and Appelo 
1999), which have been shown to give precise simulation of species distribution in ancillary fields 
such as geochemical modelling and have been recently tested with wastewaters (Westergreen et al. 
2012).  
2.5 Minerals precipitation  
2.5.1 Solubility 
The solubility of a solid material (in this case a mineral) is defined as the maximum amount of that 
solid that can dissolve in a liquid solvent (in this case water) under a given set of conditions (Mullin 
2001). An aqueous phase that has dissolved species at the solubility concentration is at equilibrium 
with the corresponding solid phase, and will neither dissolve nor precipitate that solid phase (Mullin 
2001). The solubility is often expressed in terms of a solubility product constant (𝐾𝑠𝑝), which is 
usually exclusively written for the dissolution reaction (Stumm and Morgan 1996). As an example, 
given the equation of dissolution for iron phosphate, 𝐹𝑒𝑃𝑂4 (𝑠) : 
 𝐹𝑒𝑃𝑂4 (𝑠) ↔ Fe
3+ + 𝑃𝑂4
3−                                       (2.8) 
at equilibrium, the relative spread of reactant (the mineral solid phase) and products (ions dissolved 
in solution) is known to satisfy a thermodynamic mass-action law: 
𝐾𝑠𝑝 = (𝑎𝑓𝑒3+)(𝑎𝑃𝑂43−)                                        (2.9) 
The activity of the solid phase (in this case FePO4(s)) typically does not feature in the solubility 
product expression, because the solid phase is usually assumed to be a pure substance and thus has 
an activity equal to unity. The form of the solubility product constant illustrates that an excess of one 
participating ion in solution, will result in a lower concentration of the other participating ion in 
solution. It is this common ion effect that is often used in wastewater treatment to achieve strong 
contaminant removal, for example, dosing of iron in excess to drive ortho-phosphate concentrations 
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to very low levels. Over the years, many different databases of Ksp values have been compiled 
(Nordstrom et al. 1990). However, there are significant discrepancies between Ksp values given in 
different databases, which are partly the result of differences in formulating the dissolution reaction 
stoichiometry (Stumm and Morgan 1996), and therefore should theoretically represent 
straightforward mathematical variants. 
2.5.2 Supersaturation 
Chemical precipitation or dissolution occurs when the concentration of ions in the aqueous phase 
exceeds or is less than the solubility, respectively. This gives rise to a supersaturation or 
undersaturation extent and a thermodynamic driving force for minerals precipitation or dissolution to 
occur, respectively (Mullin 2001). The supersaturation or undersaturation of sparingly soluble 
mineral is an important concept in the prediction of the potential for mineral precipitation or 
dissolution to occur. The saturation extent of an aqueous system can be expressed in different ways; 
namely as a supersaturation ratio, as a relative supersaturation or as an activity driving force (IAP – 
Ksp) (Mullin 2001). The supersaturation ratio (or sometimes called the oversaturation), Ω, is expressed 
as follows (Mullin 2001).  
Ω =  (
𝐼𝐴𝑃
𝐾𝑠𝑝
)
1
𝑣⁄
                                       (2.10) 
where IAP is the product of the chemical activities of participating ions in the supersaturated solution 
raised to the power of their respective stoichiometric coefficients in the dissolution reaction, and 𝑣 =
 ∑ 𝑣𝑖𝑖  is the number of ions in the molecular formula of the solid phase (e.g. v=2 for CaSO4.2H2O; 
and v=5 for Ca3(PO4)2). Another variant of supersaturation is termed the relative supersaturation, 𝜎, 
which is represented in a normalised form as (Nielsen 1984): 
𝜎 = Ω − 1 = 
𝐼𝐴𝑃1 𝑣⁄ − 𝐾𝑠𝑝
1 𝑣⁄
𝐾𝑠𝑝
1 𝑣⁄
                                       (2.11) 
The level of supersaturation dictates how far away a precipitating solution is from equilibrium, and 
so the magnitude of the thermodynamic driving force for chemical precipitation or dissolution to 
occur. Hence, supersaturation comes into play with kinetics, because a larger thermodynamic driving 
force leads to faster rate kinetics (See Section 2.4.5).    
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The saturation index (SI) can also be used to select the minerals to include in a precipitation model 
and is defined as follows 
𝑆𝐼 = log10
𝐼𝐴𝑃
𝐾𝑠𝑝
                                       (2.12) 
For a given aqueous phase, three conditions exist: 
 𝑆𝐼 < 0, the aqueous phase is undersaturated and a mineral solid phase can dissolve into the 
aqueous phase; 
 𝑆𝐼 = 0, the aqueous phase is saturated or at equilibrium; or 
 𝑆𝐼 > 0, the aqueous phase is supersaturated or oversaturated with respect to the mineral and 
chemical precipitation can occur. 
The saturation index may provide a thermodynamic indication of whether an aqueous solution is at 
equilibrium, undersaturated or supersaturated. Hence, the change of the saturation index value with 
the solution chemistry may be used as a tool to assess the tendency and extent of crystallization or 
dissolution for a given solution (Marti et al. 2008). However, equilibrium predictors (such as SI 
values) cannot capture kinetic limitations such as metastability and inhibition of growth (Ferguson 
and McCarty 1971, Reddy and Wang 1980) .    
2.5.3 Crystal nucleation 
In general, the formation of a mineral precipitate involves two important steps, namely nucleation 
and growth. Nucleation (step 1) is the process by which new solid phase forms. This new solid phase 
then provides a solid surface area for further precipitate to deposit on, causing the precipitating 
particles to grow (step 2, particle growth) (Barone et al. 1983, Mullin 2001). Nucleation can be either 
(Figure 2.2) (Le Corre et al. 2009): 
 primary homogeneous, when foreign particles are absent and precipitating solid phase is 
absent; 
 primary heterogeneous, when foreign particles are present, but precipitating solid phase is 
absent; or  
 secondary nucleation, when precipitating solid phase is present.  
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Nucleation is an energetically unfavourable process and therefore requires a sufficient level of 
supersaturation as a thermodynamic driving force to overcome a chemical energy barrier and induce 
nucleation. The presence of foreign particulates (dust particles or other surfaces) can induce 
heterogeneous nucleation by lowering the energy barrier to nucleation (Nancollas 1982, Nancollas 
and Reddy 1971). As a result, primary heterogeneous nucleation can be induced at a much lower level 
of supersaturation than primary homogeneous nucleation. Because the chemical energy barrier is 
most lowered by the presence of seed particles of the solid phase being precipitated, secondary 
nucleation tends to induce nucleation at much lower levels of supersaturation than primary nucleation 
(Mullin 2001).  
 
Figure 2.2 – Classification of nucleation processes (Adapted from Le Corre et al. (2009)) 
2.5.4 Metastability  
Due to the chemical energy barrier to nucleation, a solution may be supersaturated (𝜴 > 1), but may 
not precipitate because the level of supersaturation is not sufficient to induce nucleation. Such 
solutions are said to be metastable and have a supersaturation 1 < 𝛺 < 𝛺𝑚, where 𝛺𝑚 is the limit of 
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metastability (Mullin 2001). Figure 2.3 illustrates these concepts with the use of a phase diagram for 
a sparingly soluble salt, iron phosphate. Although metastable solutions can remain stable (not 
nucleate) for long periods, nucleation eventually does occur, and the probability of a single nucleation 
event (which is all that is required for rapid subsequent secondary nucleation) increases with 
increasing supersaturation. When 𝛺 > 𝛺𝑚 the solution is said to be labile and nucleation can occur 
rapidly. The limit of metastability is kinetic-probabilistic in nature and depends on many factors, 
including the presence of foreign solid surfaces, temperature, pH, etc. (Mullin 2001). 
 
Figure 2.3 – Typical phase diagram for a general sparingly soluble salt 𝐹𝑒𝑃𝑂4 (𝑠) .  
Once a solution nucleates, particulate surface area is available for further precipitation to occur onto. 
Although nucleation may not occur at the levels of supersaturation in metastable solutions, any 
supersaturation driving force can support growth on added precipitate seeds (Mullin 2001). 
2.5.5 Mechanisms of particle growth 
Once nucleation has occurred or seed particles have been added to a supersaturated solution, the 
nuclei or seed particles will grow until the supersaturation is exhausted down to the solubility 
condition. The rate of mineral particle growth can be dictated by either the rate of diffusion of ions to 
the growing particle surface or by reaction of the ions at the particle surface to form additional solid 
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phase (Mullin 2001). More detailed treatments of the theories describing crystal growth are given in 
the extensive relevant literature (Mullin 2001, Nancollas 1982, Randolph and Larson 1988). 
As illustrated in Figure 2.4, some of the minerals of interest in wastewater treatment, in particular 
calcium carbonate and calcium phosphate, are capable of crystallizing out of solution in a variety of 
different mineral forms (crystalline vs. amorphous, and/or various crystalline polymorphs) (Barat et 
al. 2011, Plummer and Busenberg 1982, van Langerak et al. 1999). This is in agreement with the 
Ostwald rule of stages (Mullin 2001), which stipulates that the formation of a more stable phase is 
preceded by the preferential formation of one or more thermodynamically less stable precursor phases 
with progressive transformation into the more stable thermodynamic phase (Mullin 2001). However, 
the formation and transformation behaviour of mineral forms in a metastable solution can also be 
influenced by the presence of impurities, which may block the active sites where participating ions 
would have integrated into the growing mineral surface (Ferguson and McCarty 1971, Reddy and 
Wang 1980). For instance, in the absence of foreign ions such as Mg2+ or PO4
-2, calcite is the form of 
calcium carbonate which will ultimately prevail because it is the most stable calcium carbonate 
mineral with the lowest solubility. Less stable forms such as aragonite would therefore undergo 
subsequent transformation into calcite (Brečević and Nielsen 1989). However, the presence of some 
ions such as phosphate (Plant and House 2002, van Langerak et al. 1999), polyphosphate (Lin and 
Singer 2005b), Mg2+ (Lin and Singer 2009, Zhang and Dawe 2000) and others (Meyer 1984) can 
have a profound effect on the rate of CaCO3 growth. For example, absorbed Mg
2+ ions on the surface 
of the growing mineral phase can favour the precipitation of aragonite rather than calcite (Morse 
1983, Tai and Chen 1998). Therefore, aragonite is the form of calcium carbonate that can remain 
stable in wastewater as a result of impurities. Depending on modelling objectives, a mathematical 
model of minerals precipitation may or may not consider phase intermediates, and may or may not 
consider the presence of a pre-cursor phase to be catalytic for the precipitation of more stable phases 
(Barat et al. 2011). 
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Figure 2.4 – Multi-step phase transformation and inhibition mechanisms (Adapted from IWA Task 
Group on a Generalized Physicochemical Modelling Framework, Technical Meeting, 
WWTmod2012, Quebec, 2012) 
2.5.6 Modelling approaches for precipitation in wastewater treatment 
This section outlines the main approaches employed to date for modelling of chemical precipitation 
in wastewater and highlights key considerations of model complexity vs. model performance and 
general applicability. There have been two broad modelling approaches applied to date in studies of 
chemical precipitation in wastewater; namely, an equilibrium-based approach and a kinetic-based 
approach.  
2.5.6.1 Equilibrium approach to precipitation modelling 
The majority of existing models of chemical precipitation are equilibrium-based (Allison et al. 1991, 
Loewenthal et al. 1995, Ohlinger et al. 1998, Parkhurst 1995, Scott et al. 1991, Wrigley et al. 1992). 
Such models assume that sufficient time has passed for minerals precipitation reactions to attain 
equilibrium. Such a model transforms participating ions present in a supersaturated solution into solid 
mineral phases which precipitate (based on their Ksp values) to equilibrium. In all cases, this means 
that the most stable precipitating phase with the lowest overall solubility will prevail. Conversely, the 
model may dissolve mineral phase present in a modelled system at undersaturated conditions to also 
achieve equilibrium. Equilibrium computations provide an indication of the direction and extent of 
reactions (Sawyer et al. 2003). The main advantage of an equilibrium approach over a kinetic 
approach (see directly below) is that it can be computationally more efficient, and does not require 
calibration of model parameters because such are pre-defined by well-known electrolyte solution 
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thermodynamics. The main disadvantages of the equilibrium approach are; (a) that it gives no 
consideration of metastability, (b) it gives no information on intermediate phases and interactions 
between mineral phases (Valsami-Jones 2001), (c) and gives no information on wastewater 
composition at timescales which are equivalent to or shorter than the time-constants of the 
precipitation reactions (Carlsson et al. 1997, McAvoy 1972, Pankow and Morgan 1981). 
2.5.6.2 Kinetic-based approach to precipitation modelling 
A kinetic-based model (time-dependent) allows chemical precipitation or dissolution reactions to 
occur with each model timestep to achieve a resulting solution composition which may still have a 
significant supersaturation or undersaturation extent. The rate of the precipitation/dissolution reaction 
dictates how far the reaction progresses the aqueous phase conditions towards equilibrium (Pankow 
1991). This means that sufficiently fast reaction rates would essentially achieve equilibrium during 
each model timestep and should give identical modelling results to an equilibrium-based model.  
Kinetic-based modelling approaches can reliably capture mechanistic aspects such as intermediate 
phases and inhibition, because the result from each model timestep is influenced by the relative rates 
of precipitation of various minerals, not just by the ultimate conditions as they would be at 
equilibrium. Complexity can be an issue with kinetic-based models (Batstone et al. 2012). As a result, 
sets of coupled differential equations are required to be solved using numerical integration techniques, 
which may become difficult as the number of coupled states increase (Hangos and Cameron 2001). 
Further, unlike equilibrium-based models, kinetic-based models do have contestable parameters that 
determine the reaction rates. These kinetic parameters are often unknown for phase transformation 
reactions (Sawyer et al. 2003).  
The mechanisms of mineral solid formation have been extensively investigated by many authors 
using different approaches (Babić-Ivančić et al. 2006, Hoch et al. 2000, Kazmierczak et al. 1982, 
Koutsoukos et al. 1980, Kralj et al. 1997, Nancollas and Koutsoukos 1980, Nancollas and Reddy 
1971, Reddy and Nancollas 1971, 1973, Van Der Houwen and Valsami-Jones 2001, van Kemenade 
and de Bruyn 1987, Wiechers et al. 1975). There is currently no uniformly accepted 
mechanism/model formulation in the literature and various models and equations have been proposed 
to describe the precipitation/dissolution rate kinetics.  The simplest kinetic-based approach is that of 
a pseudo-equilibrium reaction, which is used to model chemical precipitation of phosphorus using 
metal salts in the industry-standard Activated Sludge Model No. 2 (ASM2d) (Henze et al. 2000). This 
approach assumes that the forward (precipitation) and reverse (dissolution) reactions are at pseudo-
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equilibrium. As an example, the rate of chemical precipitation (𝑟𝑃𝑟𝑒) of phosphate using iron (ferric) 
salts and the rate of dissolution (𝑟𝑅𝑒𝑑) of iron phosphate are modelled in ASM2d as follows: 
 𝑟𝑃𝑟𝑒 = 𝑘𝑃𝑟𝑒𝑐𝑍𝑃𝑂4𝑋𝐹𝑒(𝑂𝐻)3                               (2.13) 
 𝑟𝑅𝑒𝑑 = 𝑘𝑅𝑒𝑑𝑋𝐹𝑒𝑃𝑂4                               (2.14) 
where 𝑘𝑃𝑟𝑒𝑐 and 𝑘𝑅𝑒𝑑 are the counter-rates of chemical precipitation and dissolution, respectively. 
𝑍𝑃𝑂4, 𝑋𝐹𝑒(𝑂𝐻)3 and 𝑋𝐹𝑒𝑃𝑂4 are the concentrations of soluble ortho-phosphate, particulate ferric 
hydroxide and iron phosphate in the mixed liquor, respectively. The form of Equation 2.13 shows 
that, as long as soluble phosphorus and particulate ferric hydroxide are present, precipitation will 
occur at a defined rate. Thus, this modelling approach does not approach equilibrium conditions with 
extended model timesteps. In addition, the pH is assumed to be neutral which is one of the limitations 
of this kinetic approach. However, due to its simplicity and practicality, there are advantages to using 
the ASM2d pseudo-equilibrium reaction approach to model minerals precipitation in wastewater 
treatment. However, applications may be limited in more complex systems with multiple precipitating 
minerals. 
Most semi-mechanistic kinetic models for minerals precipitation used in wastewater treatment were 
postulated and validated based on crystallization kinetics of sparingly soluble minerals from 
supersaturated solutions using a seeded growth method (Kazmierczak et al. 1982, Koutsoukos et al. 
1980, Morse 1983, Nancollas 1973, Nielsen and Toft 1984). The formulation was based on the 
assumption that no new crystals (no nucleation) formed during the test period, and a direct 
proportionality of the precipitation rate to the available surface area then suggested that precipitation 
or dissolution was, in general, a surface-based process (Davies and Jones 1955, Koutsoukos et al. 
1980).   
For a kinetic model, consider the example of a continuum balance for a continuous-flow stirred-tank 
reactor (CSTR) type. In industry-standard modelling approaches, hydraulics of the system are 
handled separately (Batstone et al. 2002), so will not be elaborated on here. For a given state variable 
or component, the general mixed vessel, dilute intensive conservation balances for mass is given by 
 
 
   (2.15) 
Rate of accumulation 
of component 𝑖 
Dilution rate 
Rate of generation 
of component 𝑖 
= + 
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The following mathematical expression holds true for any reaction (including minerals 
precipitation/dissolution) in a complete mixed control volume with inflow Qin:  
𝑑𝑆𝑖,𝑘
𝑑𝑡
=
𝑄𝑖𝑛
𝑉
(𝑆𝑖,𝑗 − 𝑆𝑖,𝑘) + ∑ 𝑁 𝑟𝑖,𝑘
𝑞
𝑘=1
             𝑖 = 1,… , 𝑛    (2.16) 
where 𝑉 and  𝑄𝑖𝑛 are the volume and in-flow, respectively, 𝑆𝑖,𝑗 is the input concentration vector, 𝑆𝑖,𝑘 
is the state concentration vector, 𝑟𝑖,𝑘 the rate of reaction (which could be precipitation/dissolution) 
and 𝑁 is the stoichiometric matrix for the process reaction. The rate expression for ri is therefore an 
important feature of a kinetic precipitation model.  
2.5.7 Precipitation rate expression 
While various kinetic rate laws have been used by different studies of chemical precipitation to date, 
a better insight into the general applicability of the individual rate expressions is required. A need to 
evaluate the required level of complexity would be of great assistance in developing a systematic 
approach for modelling minerals precipitation for integration within plant-wide models of wastewater 
treatment.   
As a result, some studies in wastewater treatment have accounted for the effect of the available 
precipitate surface area on the overall rate of precipitation (Smith et al. 2008, Tait et al. 2009). 
However, since the available surface area for individual mineral phases in wastewater is difficult or 
impossible to determine, a lumped growth rate constant has been commonly used (Batstone and 
Keller 2003, Musvoto et al. 2000a, van Langerak et al. 2000). In a study of calcium carbonate 
crystallization, the rate of Ca+2 removal from solution was found to be directly proportional to the 
mass of crystals present in the water (Wiechers et al. 1975). Consequently, it may be possible to 
substitute the mineral surface area by the mass of mineral solids in the wastewater, which would be 
particularly attractive to wastewater treatment modelling, but this approach has not been previously 
tested for minerals precipitation modelling in wastewater treatment.  
A recent study by Lizarralde et al. (2015) modelled precipitation rate kinetics based on constant 
specific surface area and Monod-style kinetics in mineral state. This rate expression handles 
nucleation induction kinetics by an additional monod-style term in supersaturation. Such an approach 
may be valid, but requires future testing work with experimental validation performed under various 
TSS concentrations and comparison with other kinetic approaches. It should be ascertained whether 
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the use of TSS as a lumped reference state would capture the kinetics of minerals precipitation in a 
wastewater process.  
The baseline precipitation model adopted in this thesis is a semi-empirical kinetic rate law, and 
includes quasi-equilibrium for aqueous-phase reactions and simple kinetics, which has a 1st order 
effect of the amount of mineral phase present in the wastewater and an nth order dependency on 
thermodynamic supersaturation (Nielsen and Toft 1984, Wiechers et al. 1975). The rate expression 
for minerals precipitation rate, consisting of dynamic state equations for total dissolved species and 
each mineral solid state, is then: 
𝑟cryst = 𝑘cryst𝑋cryst𝜎
𝑛                                       (2.17) 
where rcryst is the mineral precipitation (or similarly dissolution) rate (moles.L
-1.h-1), kcryst is an 
empirical kinetic rate coefficient (h-1), 𝑋𝑐𝑟𝑦𝑠𝑡 (moles.L
-1) is the concentration of precipitate at any 
time t (a dynamic state variable) (similar to the approach of Wiechers et al. (1975)), 𝑛 is the order of 
the precipitation (or similarly dissolution) reaction with respect to supersaturation, 𝜎, which dictates 
whether a solid phase will form, dissolve or neither. The extent of precipitation or dissolution by this 
rate law will dictate the subsequent inventory of particular solid phases (Xcryst) in a model, which then 
again affects the rate of precipitation/dissolution.  
A number of environmental factors can affect the kinetic rate of minerals precipitation in wastewater. 
These include wastewater temperature, inhibition due to impurities, pH and ionic strength (Mullin 
2001, van Langerak et al. 1999). This infers that the values of kinetic parameters should be adjusted 
to the relevant wastewater conditions. However, it should be ascertained whether the impacts of 
environmental factors are required in a model or can be neglected without significantly affecting 
model performance as applied to wastewater treatment. 
2.5.8 Model parameter determination 
Another critical issue with kinetic precipitation models is the identification of values for the kinetic 
rate coefficients. These are often determined via manual fitting (trial-and-error approach) (Musvoto 
et al. 2000, Ekama et al., 2006) due to the nonlinearity and complexity of the precipitation system. 
However, manual parameter fitting can be technically tedious, may be unreliable and provides little 
information on parameter correlation and bounds of parameter confidence. The identification of 
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model parameters needs to be addressed since systematic and robust approaches are well-established 
in dynamic modelling of domestic wastewater processes (Batstone et al. 2009, Dochain et al. 1995, 
Dochain et al. 2001, Donoso-Bravo et al. 2011, Vanrolleghem et al. 1995). This could also be useful 
for the identification of minerals to be included in a model, because minerals could be included or 
excluded based on whether their relative kinetics significantly affect overall model predictions, ie. 
whether their estimated kinetic rate parameter values are significantly different from zero (Tait et al. 
2009).  
2.6 Plant-wide model platforms: Coupling physicochemical models with biological 
models 
In Chapter 5 of the thesis, the physicochemical model approach described above was coupled with 
activated sludge and anaerobic digestion models in a plant-wide platform. The plant-wide platform 
used modified versions of ASM2d and ADM1, so these models are briefly elaborated on here with 
respect to required expansions. 
2.6.1 Activated Sludge Model No. 2 (ASM2d) 
In plant-wide setting, the ASM2d was selected as the basic model, because it is able to simultaneously 
describe carbon oxidation, nitrification/denitrification, and phosphorus removal processes in the 
activated sludge system (Gujer et al. 1995). However, in order to account for the physicochemical 
descriptions in biological conversions, ASM2d was extended to include the proposed 
physicochemical model, as described in detail in Flores-Alsina et al. (2015a). The quasi-equilibrium 
precipitation model of the ASM2d was replaced with a more robust minerals precipitation model as 
described above. 
The alkalinity state (SALK) was replaced with explicit inorganic carbon (SIC), modelled as a source-
sink compound to close the mass balances. Hence, the carbon (C), nitrogen (N), phosphorus (P), 
oxygen (O) and hydrogen (H) contents of all the state variables were assumed (based on extensive 
available evidence) in order to calculate the mass of each element per mass of COD (Reichert et al. 
2001). CO2 stripping was included with a specific KLa, calculated from the KLa of oxygen multiplied 
by the square root of the ratio of the gas diffusivities of O2 and CO2. The Henry coefficient of CO2 
was also corrected for temperature using the van’t Hoff equation (Equation 2.7). 
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The extended ASM2d also described various metal cation dynamics which strongly interact with the 
biological processes. These include the dynamics of potassium and magnesium concentrations, which 
were explicitly described and subjected to process dynamics when modelling polyphosphates (XPP) 
in ASM2d (Flores-Alsina et al. 2015a). To conserve the stoichiometry, polyphosphates were assumed 
to have the following empirical composition (K0.33Mg0.33PO3)n (Henze et al. 2000). Another important 
aspect in the extension ASM2d was the use of Total Suspended Solids (XTSS), which were formulated 
as a predicted state variable (Flores-Alsina et al. 2015a). This was mainly because the constituents of 
the inorganic suspended solids (XISS), measured from polyphosphate (XPP) in the Activated sludge 
system, are said to play a vital role in total alkalinity and minerals precipitation (Ekama et al. 2006b). 
However, Xcryst was retained as the reference state for minerals precipitation, rather than XTSS or XISS. 
In order to promote the development of sufficient amount XPAO for phosphorus removal, the ASM2d 
model equations were modified to make the biomass decay rates electron-acceptor dependent 
(Jeppsson et al. 2006, Siegrist et al. 1999).  
2.6.2 Anaerobic Digestion Model No. 1 (ADM1) 
The original implementation of the Anaerobic Digestion Model No. 1 (ADM1) (Batstone et al. 2002) 
was upgraded in ancillary studies with a Bio-P module (Flores-Alsina et al. 2016, Ikumi 2011) and 
was subsequently used in the present thesis. In this approach, phosphorus-accumulating organisms 
(XPAO), polyphosphates (XPP) and polyhydroxy-alkanoates (XPHA) were included as state variables in 
the extended ADM1 model (Flores-Alsina et al. 2015a, Flores-Alsina et al. 2016). This extension also 
included six processes required to describe the uptake of butyrate (Sbu), propionate (Spro), acetate (Sac) 
to form XPHA and decay of XPAO, XPHA and XPP. However, growth of XPAO and storage of XPP were 
excluded because they typically occur under aerobic/anoxic conditions, such as in activated sludge 
processes (Henze et al. 2000).  
Additionally, in the model implementation (Flores-Alsina et al. 2016, Ikumi 2011) both disintegration 
processes and composite materials (Xc) were omitted, so that influent conditions were directly 
fractionated into carbohydrates (Xch), lipids (Xli) and proteins (Xpr). In addition the double hydrolysis 
process during the decay of biomass was modified (Flores-Alsina et al. 2016, Ikumi 2011). Therefore, 
the products resulting from cellular decay were directly mapped into soluble (Si) and particulate inerts 
(Xi), carbohydrates (Xch), lipids (Xli) and proteins (Xpr) (Flores-Alsina et al. 2016, Ikumi 2011). Kinetic 
parameters used to describe hydrolysis of proteins (Xpr), lipids (Xli) and carbohydrates (Xch) were 
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adjusted to more realistic values. For example, the default value for khyd,pr, khyd,li and khyd,ch in ADM1 
were reduced from 10 day-1 to 0.3 day-1 (Flores-Alsina et al. 2016, Ikumi 2011). 
The implementation of the pH and speciation/ion pairing model in the modified version of ADM1 
was done according to the speciation methods described in Section 2.4. This speciation model was 
also implemented and verified with ADM1 within the BSM context (Flores-Alsina et al. 2016, Solon 
et al. 2015).  
Spontaneous minerals precipitation also occurs in anaerobic digestion, due to high concentrations of 
phosphate, ammonium and magnesium ions released by the decay of polyphosphates. Therefore 
precipitation modelling was included to study its effects (See Chapter 5). 
2.6.3 ASM2d and ADM1 interfaces 
The interfaces between the ASM – ADM - ASM are modelled based on continuity principles (Nopens 
et al. 2009, Volcke et al. 2006b). C, N and P and cations/anions changes are accounted for assuming 
a pre-defined compositional analysis (De Gracia et al. 2006, Reichert et al. 2001). Additional details 
about how the models were interfaced can be found in Flores-Alsina et al. (2015a). 
2.7 Model implementation 
The mathematical formulation of the physicochemical model described above, resulted in a mixed 
system of nonlinear algebraic equations (NLAE) and ordinary differential equation-initial value 
problems (ODE-IVPs). Such problems must be solved using a numerical method (Hangos and 
Cameron 2001). These equation sets are commonly referred to as differential algebraic equations 
(DAEs) (Brenan et al. 1996). An analytical solution of the resulting DAEs is not possible due to the 
non-linear multi-variate structure and a numerical solution is required. Two approaches may be used 
to solve a complex set of DAEs using numerical solvers. The first approach is a stiff tolerant implicit 
solver which solves simultaneously the set of differential equations and the set of nonlinear algebraic 
equations. This approach is most effective for DAEs of index 1, but cannot be applied to DAEs of 
higher indexes (Beers 2007, Hangos and Cameron 2001). The index of a DAE refers to the number 
of iteration steps required to differentiate a system of DAEs to get ODEs, and this is an index 1 
problem. However, all implicit solvers are stiff solvers, and are intolerant of input changes, control 
actions, and process noise, and hence are less effective for dynamic wastewater simulators in this 
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context. An alternative approach is solution of the DAE system by decoupling the differential 
equations from the algebraic equations. That is, the differential equations are numerically integrated, 
and at each time step the accompanying non-linear algebraic system is solved using an iterative solver 
such as the Newton-Raphson method (Hangos & Cameron, 2001). This approach is highly compatible 
with a discrete physicochemical model, and has been chosen in the present study.   
The same computational approach was applied when the physicochemical model was coupled with 
the biological models in Chapter 5, where dynamic states were affected by the kinetics of biological, 
precipitation/dissolution and gas exchange reactions. This computational methodology employed for 
the implementation of aqueous phase and solids precipitation reactions with biological models in 
Chapter 5, is illustrated in Figure 2.5. 
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Figure 2.5 – Methodology for computing physicochemical reactions in the standardized models 
(ASM2d and ADM1) (PCM, Physicochemical model). 
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2.8 Summary 
In line with the thesis aim, a combined equilibrium-kinetic physicochemical model approach has been 
selected for further systematic testing throughout the thesis. The model structure consisted of a 
number of conservation balances for biological and physicochemical components, and species 
distribution balances for the aqueous phase ingredients. This model structure was expected to 
optimise simulation time by avoiding model stiffness issues. Core to the kinetic part of the model was 
the precipitation rate expression. The thesis will test the use of mineral phase state as a surrogate 
reference for mineral surface area. Such a modelling approach would offer the advantage of not 
requiring detailed analysis of the surface area of each mineral in the wastewater. The thesis will also 
examine the effects of various environmental factors on chemical precipitation rate kinetics, to 
determine whether these are to be considered in a wastewater treatment model. It is expected that the 
elected modelling approach would be readily coupled with biological process models and could be 
integrated into plant-wide platforms, but this will be tested in Chapter 5.
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CHAPTER 3 
A GENERALISED CHEMICAL 
PRECIPITATION MODELLING APPROACH 
IN WASTEWATER TREATMENT APPLIED TO 
CALCITE 
3.1 Introduction 
In recent years, mathematical process modelling of wastewater processes has become an increasingly 
active field, with models being successfully used for research, process design, training, control and 
optimization of physical, chemical and biological processes. However, to date the focus of model 
development has largely been on the biological reactions that occur during wastewater treatment 
(Batstone et al. 2002, Henze et al. 2000). Much less attention has been given to the many non-
biological chemical reactions that occur in wastewater treatment, even though such reactions are 
essential to achieve effective treatment (Batstone et al. 2012). Process simulation models used across 
the industry currently have inherent limitations due to simplistic and situation-specific representations 
of important physicochemical reactions (Batstone 2009). A key neglected area is liquid-solid 
chemical precipitation modelling, due to its widespread occurrence in wastewater treatment processes 
(Batstone and Keller 2003, Chen et al. 2008, Doyle and Parsons 2002, van Langerak et al. 2000) and 
a general under-representation in existing standardised models (Batstone et al., 2012).  Chemical 
precipitation is also particularly significant from a modelling perspective, because of heavy 
interactions with other physicochemical reactions in the wastewater such as the weak acid-base 
system and ion complexation. A model containing chemical precipitation therefore automatically 
requires representation of other physicochemical reactions, and this is a key limitation of (for 
example) the ASM2d (Henze et al., 2000) that models precipitation without considering pH. 
Several studies have used mathematical modelling to improve the understanding of chemical 
precipitation mechanisms in wastewater treatment (Barat et al. 2009, Maurer et al. 1999, Musvoto et 
al. 2000a, Smith et al. 2008, Szabó et al. 2008, Tait et al. 2009, van Rensburg et al. 2003). Typically, 
unique modelling approaches have been applied to specific experimental datasets. Key differences 
between the various modelling approaches have included: 
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1. an assumption that precipitation reactions are occurring at sufficiently rapid rates to be 
effectively at equilibrium (Hanhoun et al. 2011, Loewenthal et al. 1995, Ohlinger et al. 1998, 
Scott et al. 1991, Smith et al. 2008, Wrigley et al. 1992) or instead treating them as kinetic 
reactions in the dynamic state equation set (Maurer et al. 1999, Musvoto et al. 2000a, van 
Rensburg et al. 2003);  
2. accounting for the effect of the available mineral surface area on the overall rate of 
precipitation (Smith et al. 2008, Tait et al. 2009) or not (Musvoto et al. 2000a); and  
3. assuming competitive or synergistic interactions are occurring between multiple chemical 
precipitation reactions occurring in parallel (Barat et al. 2011) or not (Musvoto et al. 2000a).  
In particular, more complex models that include multi-step precipitation with a broad range of 
controlling mechanisms tend to focus on specific applications, with generalised approaches being 
simplified to equilibrium and simple kinetics.  To date, there has not been substantial experimental-
based work focussed on systematic development of a general precipitation modelling approach. With 
increasing interest in correctly predicting precipitation, such as with struvite for phosphorus resource 
recovery (Galbraith et al. 2014, Rahaman et al. 2014), and with the rise in plant-wide model 
descriptions (Gernaey et al. 2011) to develop new control strategies that consider nutrient recovery, 
a generally applicable and robust model approach is required for both detailed mechanistic 
descriptions and broader engineering analysis.       
In this Chapter, a baseline precipitation modelling approach is developed in the context of calcite 
precipitation and further analysis then focuses on clarifying key environmental factors that influence 
precipitation modelling. The modelling approach is intended to form part of a larger Generalized 
Physicochemical Modelling Framework (Batstone et al. 2012) but is also intended for use across a 
wider range of wastewater applications. This Chapter is structured to first present the baseline 
precipitation model validated via dynamic pH titration tests, after which Constant Composition 
Method (CCM) experiments and robust statistics are used to examine the influence of environmental 
factors.  
3.2 Materials and methods 
Experiments investigated the precipitation of calcite (a crystalline form of calcium carbonate) from 
synthetic aqueous solutions. Two experimental platforms were used, namely, dynamic pH titration 
tests with precipitation, and the Constant Composition Method (CCM).  
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a) Titration was used to identify the baseline model approach across a range of pH values.  In 
continuous pH titration, the aqueous solution is titrated from a low pH to a high pH with 
precipitation or dissolution of minerals occurring along the way.  
b) CCM tests investigated the influence of environmental factors on the baseline model 
approach. The CCM maintains a constant chemical composition while precipitation occurs, 
by continuously adding two titrants to replenish soluble ingredients that are being sequestered 
by the precipitating mineral (Tomson and Nancollas 1978). The rate of precipitation for a 
CCM test can then be directly quantified from the amount of titrant added over time. 
3.2.1 Materials 
Analytical reagent-grade chemicals and de-ionised water were used in all cases. Metastable (no 
spontaneous nucleation) supersaturated test solutions were prepared by adding an aqueous solution 
of calcium chloride (CaCl2) at a known concentration, drop-wise over 20-30 minutes, to an aqueous 
solution of sodium bicarbonate (NaHCO3) at a known concentration. The ionic strength of test 
solutions was altered with dissolved potassium chloride. The inorganic carbon reagent solution was 
always prepared fresh. Synthetic calcite seed crystals were prepared similarly in a 50:50 mix of CaCl2 
and sodium carbonate (Na2CO3) solutions at 25
oC, but at a much higher dissolved calcium carbonate 
concentration of 0.4 M to induce spontaneous nucleation. The addition of CaCl2 was much slower for 
the seed preparation (dropwise over about 2-3 hours). Freshly precipitated seed crystals were aged 
for 2 days in their mother liquor and were subsequently extensively washed with distilled water. The 
washed seed crystals were aged for at least 3 weeks in a 0.02 M aqueous solution of NaHCO3, then 
filtered and again washed with distilled water. Adhering water was displaced with absolute ethanol 
which in-turn was evaporated off at 18-20oC in a desiccator to minimize re-exposure to moisture. The 
crystals were examined using X-ray diffraction analysis as per the method below and only peaks for 
calcite were detected. Specific surface area and crystal morphology were examined by nitrogen 
adsorption and scanning electron microscopy, respectively, as described below. 
3.2.2 Apparatus 
a) The dynamic titration experiments used an auto-titrator (T50, Mettler-Toledo, Greifensee, 
Switzerland) with a pH sensor (Model DGi115-SC, Mettler-Toledo, Greifensee, Switzerland). The 
titrator was equipped with a 10 mL burette to add titrant to the test solutions. Titration vessels used 
were (a) 100 mL beakers, with working volumes of 75 mL or b) a 1 L stirred glass crystallizer. 
During a titration, the test sample to which titrant was added was stirred with a 25 mm teflon-coated 
magnetic bar stirrer at 300 rpm. The volume of each titrant added, the pH and the temperature were 
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recorded over time through a LabX Light Titration Software interface (Mettler-Toledo, Greifensee, 
Switzerland).  
 
b) The CCM experiments used a crystallizer (Figure 3.1) which was a 1.0 L (working volume = 
900 mL) Pyrex glass vessel with a glass heating/cooling jacket and a sealed lid with crimp-sealed 
ports for sensors to minimize atmospheric gas-exchange. The crystallizer, positioned over a magnetic 
stirrer plate, was stirred with a 40 mm teflon-coated magnetic bar stirrer at 350 rpm. Water was 
circulated from a temperature-controlled water bath through the jacket to maintain the temperature 
inside the crystallizer to within 0.5C. A change in the continuously measured pH (S900C, 
Sensorex, Garden Grove, USA) triggered the simultaneous addition of two titrants by high-accuracy 
self-priming micropumps (120SP, 130SP, Bio-Chem Valve, New Jersey, USA), which replaced the 
dissolved calcium and inorganic carbon and maintained a constant pH (to within 0.1%) and aqueous 
phase composition (to within 1.5% of the set concentrations). The volume of each titrant added was 
recorded over time through a LABVIEW VI Software interface (v. 11.0, National Instruments, 
Austin, USA) via a multifunction data acquisition card (iUSBDAQ U120816, Hytek Automation, 
Ontario, Canada). Calcium ion activity was also monitored with an ion selective electrode (Model 
361-75, Sentek, Essex, UK) and was recorded.  
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Figure 3.1 – Schematic of the experimental apparatus used in the Constant Composition 
Method experiments. 
3.2.3 Experimental protocol 
For the dynamic titration tests, the pH of a 1 L aliquot of test solution with known composition (actual 
volume known accurately) was adjusted to a desired initial value with concentrated sodium hydroxide 
(NaOH) or hydrochloric acid (HCl) solution, with the amount of added acid or caustic recorded. A 
2M aqueous solution of NaOH (5-10 mL total) was then quantitatively added at a predetermined fixed 
rate and pH was continuously measured. For each experiment, pH and the rate and volume of titrant 
added were continuously recorded with the control software as was the volume of the original test 
solution. For chemical analysis, 1.1 mL samples of the titration vessel contents were collected at 
specified time intervals, immediately filtered through 0.2 µm cut-off syringe filters (PES), diluted 
with deionized water to prevent post-precipitation and stored at 4oC until analysis by Inductively 
Coupled Plasma Optical Emission Spectroscopy (ICP-OES) and a Total Carbon Analyser as detailed 
below. The experimental conditions were as follows: 
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a) 2.6M NaOH added at a rate of 2.5 × 10-5 mL.min-1 to a synthetic aqueous solution with 
4.95mM sodium bicarbonate (NaHCO3) and 1.96mM calcium chloride (CaCl2) with initial 
pH decreased by adding a small quantity of concentrated HCl. 
b) 2.35M NaOH added at a rate of 2.5 × 10-5 mL.min-1 to a synthetic aqueous solution with 
4.86mM NaHCO3 and 1.95mM CaCl2 (initial pH was also decreased with concentrated HCl) 
and 50 mg.L-1 of calcite seed added when the SI value was estimated to be near zero.  
c) 2.6M NaOH added at a rate of 2.5 × 10-5 mL.min-1 to a synthetic aqueous solution with 
4.87mM NaHCO3 and 1.98mM CaCl2 (initial pH was decreased with concentrated HCl) and 
200 mg.L-1 of calcite seed material when the SI value was estimated to be near zero. 
For the CCM tests, metastable test solutions were added to the crystallizer and while stirring, the 
initial pH was adjusted by drop-wise addition of 1M NaOH or HCl as required. Once the measured 
pH was stable, precipitation was initiated by adding a weighed amount of calcite seed crystals. 
Usually, this seed addition immediately triggered titrant dosing. Separate sets of experiments were 
performed to assess the effects of various environmental factors (See Table 3.1 for test conditions). 
Measured calcite precipitation rate (Rcalcite, moles.L
-1.min-1) for each CCM experiment was 
determined as follows: 
𝑅𝑐𝑎𝑙𝑐𝑖𝑡𝑒 = 𝐶𝑒𝑓𝑓𝑞𝑡     (3.1) 
where qt is the titrant flow rate (L.min
-1) and Ceff is the equivalent number of moles precipitated per 
litre of added titrant per L of reactor vessel (moles.L-1.L-1). Values of qt were determined by linear 
regression fits of the cumulative volume of titrant added over time.  
3.2.4 Analytical techniques 
X-ray diffraction analysis (Bruker D8, Bruker, Massachusetts, USA) of the seed crystals, only 
detected peaks for calcite and had a clear background. The specific surface area of the seed crystals 
was measured by nitrogen adsorption (Tristar II 3020, Micromeritics, Norcross, GA) and is given in 
Table 3.1. Seed crystal morphology was examined with scanning electron microscopy (JEOL 2100, 
JEOL Ltd, Tokyo, Japan) and was found to resemble the typical morphology of calcite with 
reasonably uniform particle size. 
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Table 3.1 – Test conditions and analyses for Constant Composition Method Experiments (CCM) 
Parameter 
Test set 1  
(full-factorial)a 
Test set 2  
(pH, Temperature 
and supersaturation)b 
Test set 3 
(Crystal seed mass and 
supersaturation)c 
Added NaHCO3 (M) 0.004 0.002 0.002 
Added CaCl2 (M) 0.002 or 0.004 0.002 0.002 
Added MgCl2 (M) 
Seed surface area (m2.g-1) 
0.00075 or 0.0015 
0.46 
 
0.46 
 
0.59 
Added seed concentration (mg.L-1 ) 525 525 25, 42, 62.5 or 78 
Temperature (oC) 15 or 30 20, 25, 30, 35, 40 25 
Ionic strength (M) 0.1 or 0.2  0.1 0.01 – 0.2 
pH 8.2 8-9 8.5 
Relative supersaturation, σ 0.81-2.16 0.87-2.30 0.87-2.30 
Number of experiments 16 30 25 
a Full-factorial experimental design testing the effects of ionic strength, supersaturation, added magnesium (impurity) and temperature  
b To further evaluate the effects of temperature, pH and supersaturation  
c To further evaluate the effects of supersaturation and added seed crystal mass per Equation (7) 
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The major elements (Ca, Na) in the synthetic aqueous solution were analysed with ICP-OES (Perkin 
Elmer Optima 7300DV, Waltham, MA, USA). Total Inorganic Carbon (TIC) concentrations were 
quantified using a Total Carbon Analyser (Shimadzu TOC-L CSH Total Organic Carbon Analyser, 
Kyoto, Japan). 
3.2.5 Data and model analysis 
A reduced form of the draft generalised physicochemical model was used with states that were not 
being utilised, deactivated in the code for the sake of speed and simplicity. The baseline precipitation 
model approach applies an algebraic equation set for fast aqueous-phase reactions such as weak acid-
base and ion pairing, and simple kinetics for mineral precipitation reactions.  
3.2.5.1 Aqueous-phase reactions: Algebraic equation set  
Weak acid-base reactions and ion pairing were mathematically described with a set of non-linear 
algebraic equations as is described in Section 2.4. In this work, the Davies approximation to activity 
coefficients was used with temperature correction. Equilibrium constants (Ki) were also adjusted for 
temperature using the constant-enthalpy form of the van’t Hoff equation (Equation 2.7).  
In this work, a reactive proton balance (a molar contribution balance) was used for pH calculations 
as done by others (Serralta et al, 2004). The reactive proton balance (TOTH) approach is again noted 
to be fully compatible with the alternative charge balance/electroneutrality approach, and in this work 
a charge balance model was also run giving identical results. The algebraic equation set (Section 2.4) 
formulated via the Tableau method (Morel and Morgan 1972) consisted of species contribution 
balances with seven iterative species (H+, Na+, K+, Cl-, CO3
2-, Ca2+, Mg2+) and 18 other species 
(CaCl+, CaCO3, CaHCO3
+, CaOH+, H2CO3, HCO3
-, KCl, KOH, Mg2CO3
2+, MgCl+, MgCO3, 
MgHCO3
+, MgOH+, NaCl, NaCO3
-, NaHCO3, NaOH, OH
-).  
The resulting implicit algebraic equation set was iteratively solved by the Newton-Raphson (NR) 
method as follows: 
𝑍𝑖+1=𝑍𝑖−∇𝐺(𝑍𝑖)
−1 𝐺(𝑍𝑖)    (3.2) 
 
where Zi is the vector of equilibrium variables (z1,i , …, xn,i) obtained from the previous iteration step 
i, G(Zi) is a vector containing the values of the set of implicit algebraic equations (g1(z1, …, zn), …, 
gn(z1,…, zn)) which has to be zero in order to satisfy equilibrium and ∇𝐺(𝑍𝑖) is the function gradient 
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for step i. The iteration was repeated as long as the elements of the error function were larger than a 
predefined value, which in this case was set to 10-12. A reduced analytical 1-D gradient (∇𝐺 =
[
𝜕𝑔1
𝜕𝑧1
⁄ …
𝜕𝑔𝑛
𝜕𝑧𝑛
⁄ ])  considering only the identity elements was used in this case, due to its 
convergent nature and to increase speed, but the full gradient could also be used for a more complex 
system.  Thermodynamic parameters were sourced from the Visual MINTEQ database (Version 3.1, 
Beta, Royal Institute of Technology (KTH)) (Gustafsson 2015) and the aqueous phase model results 
were verified against Visual MINTEQ and. The set of algebraic equations were solved for each time 
step with precipitation implemented via a kinetic approach (Section 2.5.6.2) with rate equations 
(ordinary differential equations). The method used, solved the differential equations separately with 
an ODE solver in SIMULINK, and then iterated at each time step, the accompanying nonlinear 
algebraic system using the iterative solver (Newton-Raphson method). As a result, the pH and 
aqueous species concentration were calculated as a function of time through a series of differential 
algebraic equations (DAEs).  
The species and components were also used to determine precipitation or dissolution, by calculating 
the SI value: 
𝑆𝐼 =  log10 (
𝑎(Ca2+) × 𝑎(CO32−)
𝐾sp,calcite
)    (3.3) 
where a(Ca+2) and a(CO3-2) are the chemical activities of calcium and carbonate ions in the aqueous 
phase and the solubility product constant for pure calcite (KSP,calcite) was taken to be 10
-8.48 at 25oC 
(Nordstrom et al. 1990, Plummer and Busenberg 1982). The resulting SI values were interpreted in 
accordance with the principles stated in Section 2.5.2. 
3.2.5.2 Precipitation: Simple kinetics  
Calcium carbonate precipitation was modelled with three dynamic state equations for total dissolved 
calcium, total dissolved inorganic carbon and the particulate calcite mineral phase. The baseline 
model proposed in this thesis, used a semi-empirical kinetic rate law (Nielsen and Toft 1984, Stumm 
and Morgan 1996): 
𝑅calcite = 𝑘cryst𝑋CaCO3𝜎
𝑛 with n=2             (3.4) 
where Rcalcite is the calcite precipitation rate (moles.L
-1.min-1), kcryst is an empirical kinetic rate 
coefficient (min-1), 𝑋𝐶𝑎𝐶𝑂3(moles.L
-1) is the concentration of calcium carbonate precipitate at any 
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time t (a dynamic state variable) (similar to the approach of Wiechers et al. (1975)) and 𝑛 is the order 
of the precipitation reaction with respect to supersaturation, 𝜎, calculated as follows (Nielsen 1984):  
𝜎 =  (
𝑎(Ca2+) × 𝑎(CO32−)
𝐾sp,calcite
)
1
2
− 1    (3.5) 
A non-zero initial condition of 𝑋CaCO3of 110
-6 M (which is 0.1 mg.L-1) was used to model the 
dynamic titration experiment that had no seed crystals added (self-nucleating).   
The gaseous species carbon dioxide (CO2) was not considered in this model (only dissolved H2CO3
*), 
because prevailing low concentrations of inorganic carbon and pH adjustment with sodium hydroxide 
(rather than by aeration), would have caused little to no stripping of CO2 during the experiment. In 
cases where CO2 mass transfer would be important, a model could readily include the gas stripping 
or dissolution as a kinetic or quasi-equilibrium process as per Batstone et al. (2002). 
3.2.5.3 Model analysis 
The only adjustable parameter in the baseline model (Equation (3.4)) was kcryst, because the algebraic 
equation set was entirely resolved by thermodynamics with no adjustable parameters. The best fit 
value of kcryst was estimated by simultaneously fitting pH titration data from three separate 
experiments with very different experimental conditions, using a non-linear parameter estimation 
technique, lsqcurvefit, in MATLAB. Calcium concentration was selected as the fitted output and the 
residual sum of squares was selected as the objective function (J=RSS). The model was implemented 
in MATLAB S-Function/SIMULINK (Version 8.1, MathWorks Inc.). Errors in parameters were 
generally estimated by two-tailed t-tests based on linear estimates of standard error, but where 
necessary, true confidence regions were estimated based on a non-linear Analysis of Variance 
(ANOVA) to determine the region defining the 95% confidence surface for the parameter set p: 
𝐽crit = 𝐽opt (1 +
𝑝
𝑛data − 𝑝
)𝐹0.95,𝑝,𝑛data−𝑝    (3.6) 
 
where Jcrit is the objective function value defining the limit of models not significantly worse (5% 
significance threshold) than the optimal model (defined by Jopt) (where p=p95), p is the number of 
parameters (1), ndata is the number of data points, and F0.95,p,ndata-p is the cumulative F distribution 
value. 
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Further model analysis tested the importance of various optional corrections to kcryst for the influence 
of environmental factors, and sought to validate the linear dependency of precipitation rate on 
𝑋CaCO3and the exponent n=2 in Equation (3.4). For this purpose, an ANOVA first identified 
significant singular and interaction effects of environmental factors on calcite precipitation rates 
measured in the CCM experiments. Other CCM tests (Lin and Singer 2005a) typically examine 
normalized precipitation rates (precipitation rate divided by mineral surface area) instead of raw 
precipitation rates (not normalized) as determined by Equation (3.1), but in the present study, raw 
precipitation rates were preferred as a more applicable approach. ANOVA was carried out with the 
software package R (Version 3.0.1, 2013-05-16, The R Foundation for Statistical Computing) with a 
significance threshold of 5%. Non-linear regression analysis was then performed with the nlinfit 
function in MATLAB to assess the significant environmental effects, either as kinetic corrections to 
kcryst or by parameter estimating the exponent n on supersaturation. The regression analysis also 
clarified the effect of 𝑋CaCO3 in Equation (3.4) by determining a power-law dependency (yp) of the 
precipitation rates on 𝑋CaCO3as follows: 
𝑅calcite,measured = 𝑘cryst(𝑋CaCO3)
𝑦p
𝜎𝑛 𝑘cryst, yp and n = estimated parameters            (3.7)
 
The correction for added magnesium impurity was approximated with an adsorption style relationship 
as follows:  
𝑘cryst,corrected,Mg  = 𝑘cryst × (1 −
𝐾ads × 𝑍Mg2+
𝐾ads × 𝑍Mg2+ + 1
)    (3.8) 
where ZMg+2 is the free dissolved magnesium ion concentration and 𝐾ads is an empirical adsorption 
coefficient (L.mole-1).  The form of Equation (3.8) was selected because magnesium is said to adsorb 
and block growth sites on the calcite crystal lattice instead of calcium ions due to chemical similarity 
between calcium and magnesium (Reddy and Wang, 1980; Lin and Singer, 2009; Chen et al,. 2006; 
(Ferguson and McCarty 1971)). The kinetic effect of temperature (in degrees Kelvin) was corrected 
for with an Arrhenius-style relationship:   
𝑘cryst,corrected,T  = 𝑘cryst,25 × 𝑒
−
𝐸a
𝑅 (
1
𝑇−
1
298)    (3.9) 
 
where kcryst,25 is the reference value of kcryst at 25C (298K), R is the ideal gas constant (8.314×10-3 
kJ.mol−1.K−1) and Ea is an empirical activation energy (kJ.mol
−1).  
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3.2.5.4 Mass balance 
This section describes implementation of the physicochemical model in a semi-batch mixed reactor 
based on the Equation 2.16. Each of the components (Ca, Total Inorganic Carbon or TIC, Na, Cl and 
TOTH) in the system must be conserved. The following differential equation describes each 
component’s molar inventory in a complete mixed control volume with NaOH titrant inflow Qin: 
 
𝑑𝑆𝑖,𝑘
𝑑𝑡
=
𝑄𝑖𝑛
𝑉
× 𝑆𝑖,𝑗 + 𝑁 × 𝑅calcite             𝑖 = 1,… , 𝑛    (3.10) 
where 𝑉 and  𝑄𝑖𝑛 are the volume and in-flow rate, respectively, 𝑆𝑖,𝑗 is the input concentration vector, 
𝑆𝑖,𝑘 is the state concentration vector, 𝑅calcite the rate of calcite precipitation and 𝑁 is the 
stoichiometric matrix for the process reaction. 
Assumptions regarding the precipitation model of calcium carbonate in a semi-batch system adopted 
in the present case are as follows: 
1) Transfer of mass from the liquid phase to the solid phase has no effect on total volume. 
2) The liquid phase in the reactor is well mixed. 
3) The aqueous phase reactions (weak acid-base and ion pairing) are assumed to be 
instantaneous.  
4) Calcite precipitation is assumed to be time-dependant within the time constant of a typical 
experiment, therefore it is modelled with a kinetic-based approach. 
5) Calcite seed surface area is assumed to be proportional to the mass of calcite. This assumption 
is validated in the subsequent sections.  
6) Precipitation is not taking place on the inside wall of the reactor. 
  
3.3 Experimental results  
3.3.1 Dynamic titration experiments 
Three titration experiments under very different conditions (200 mg.L-1 added seed, 50 mg.L-1 added 
seed, 0 mg.L-1 added seed) were fitted with the baseline model of Equation (3.4), giving an estimated 
value for kcryst of 0.00250.0004 min-1 (linear estimate of 95% confidence interval). Figure 3.2 
presents the fit together with the experimental data and shows that the baseline model fit all three 
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experiments qualitatively well. The model fit of the experiment with no added seed (0 mg.L-1) was 
found to be insensitive to nominated 𝑋CaCO3 concentrations below 110
-5 M.  
 
Figure 3.2 – Data from three titration tests with calcite precipitation (A (0mg.L-1 of calcite seed), B 
(50mg.L-1 of calcite seed) and C (100mg.L-1 of calcite seed)) for which a model fit of Equation (3.4) 
gave kcalcite = 0.0025 min
-1. The lines show the model fit of Equation (3.4). 
The objective function J (residual sum of squares) is presented in Figure 3.3 and shows that the true 
95% confidence region for kcryst was 0.0018-0.0038 min
-1 (Jcrit,95= 2764.8). Figure 3.3 also shows 
strong asymmetry which suggests that the model is more tolerant of high values of kcryst as opposed 
to low values of kcryst and thus a quasi-equilibrium approach (arbitrary high value of kcryst) may be a 
valid approach where insufficient process data exists (see Discussion). However, Figure 3.4 presents 
simulated and calculated SI values, and clearly shows that SI values were never zero (never at 
equilibrium) during precipitation between 30-200 minutes. These results suggest that the precipitation 
was still kinetically limited, albeit that the SI values were generally less positive for a larger amount 
of added seed (see Discussion). It should however be noted that the discrepancy between the 
Chapter 3 – A Generalised Chemical Precipitation Modelling Approach applied to Calcite   
59 
 
measured and simulated SI values was caused by the measurement error in the total inorganic carbon 
data. 
 
Figure 3.3 – Objective function (residual sum of squares) for the kinetic rate coefficient kcryst from 
the parameter estimation on the dynamic titration test data. The optimum kcryst was observed to be 
0.0025 min-1. 
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Figure 3.4 – Saturation index (SI) values which were calculated (from experimental composition 
measurements) and simulated (kcryst = 0.0025 min
-1) for the dynamic titration tests with 
precipitation for 0 mg.L-1  added calcite seed (stars, solid lines), 50 mg.L-1 added calcite seed 
(circles, dashed lines) and 200 mg.L-1  added calcite seed (diamonds, dot-dash lines). 
3.3.2 Constant composition experiments 
The constant composition (CCM) experiments sought to clarify the influence of environmental 
factors, such as supersaturation, temperature, ionic strength and the effect of an impurity (in this case 
magnesium), on the baseline model approach of Equation (3.4). Figure 3.5 presents typical results 
from CCM experiments and shows that the rate of titrant addition (qt = dV/dt) was stable. This 
translates to a single constant value of Rcalcite measured for each experiment.  Table 3.2 presents results 
for the ANOVA which indicated a very strong influence of supersaturation,  (Pr<0.0001), in 
agreement with the baseline modelling approach of Equation (3.4). Water temperature (T) was also 
found to have strong influence (Pr<0.001). The effect of added magnesium impurity (ZMg+2) was 
noted to be significant (Pr<0.05), but was much weaker than the influence of T.  Higher order effects 
of T and   were also found to be statistically significant (Table 3.2). However, the impact of these 
higher order effects on kcryst is expected to be too small to justify a more complex wastewater 
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treatment model that accounts for these influences. The kinetic effects of ionic strength (μ) and pH 
(other than via supersaturation) were found to be not significant (Table 3.2, Pr>0.05) or have low 
effect, and indicates that their influence on kinetics has been appropriately resolved via calculations 
of  via the algebraic equation set.  
 
 
Figure 3.5 – Typical titrant volume data from the Constant Composition Experiments at a solution 
pH of 8.2, 8.4, 8.5, 8.7 and 8.9. The lines are linear regression fits from which a constant slope was 
obtained for the volumetric rate of titrant added (qt for Equation (3.1)). 
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Table 3.2 – ANOVA results for the analysis of environmental effects on CCM test results for CCM 
Tests 1 and 2 in Table 3.1. Response – Measured calcite precipitation rate (Rcalcite) with units of 
moles.L-1.min-1. 
Effect a Pr (Test 1,  n1 = 16)b Pr (Test 2, n2 = 30)b 
ZMg+2 0.01339 - 
σ 0.00005 2.20E-16 
T 0.00049 2.70E-12 
μ 0.82200 - 
pH - 0.0884 
ZMg+2* σ 0.06852 - 
ZMg+2*T 0.17843 - 
σ*T 0.00318 0.0015 
ZMg+2*μ, ZMg+2*pH, σ*μ, 
σ*pH, μ*T, μ*pH, pH*T 
>  0.1 > 0.1 
DOFresid 5 23 
a ZMg+2 – free dissolved magnesium concentration; σ – supersaturation; T – 
temperature (Kelvin); μ – ionic strength (M); Variable 1*Variable 2 – second order 
interaction effect; pH – pH of test solution 
b All tested at 95% confidence level, Pr (>F); not significant (0.05 < Pr < 0.1); just 
significant (0.01<Pr<0.05); significant (0.001<Pr<0.01); highly significant 
(Pr<0.001)  
 
To show the performance of the baseline model approach of Equation (3.4) with and without optional 
corrections for magnesium and temperature, Figure 3.6 presents a comparison of measured 
precipitation rates from the CCM Test 1 (Table 3.1) vs. fitted precipitation rates via the non-linear 
regression analysis. Figure 3.6A presents the baseline model fits of Equation (3.4) without optional 
corrections, Figure 3.6B presents the baseline model fits with kcryst corrected only for temperature and 
Figure 3.6C presents the baseline model fits with kcryst corrected for both magnesium and temperature. 
In general, the model fit appears to be qualitatively good only if a temperature correction is applied 
with Equation (3.9) (then R2 is >0.9). The R2 values in Figures 3.6B and C show that corrections for 
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the influence of magnesium on kcryst (Equation (3.8)) and temperature on kcryst (Equation (3.9)) were 
significant and appropriate.  
 
Figure 3.6 – Comparison of measured and fitted calcite precipitation rates: Full-factorial design 
test set A: baseline precipitation model fit (Equation (3.4)); B: baseline model fit corrected for 
temperature only with Equation (3.9); C: baseline model fit corrected for temperature and 
adsorption with Equation (3.8). The line shown in each plot is y=1x.    
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A regression analysis was also used to confirm the effects of 𝑋CaCO3 and supersaturation in Equation 
(3.4), by determining power-law exponents yp (Equation (3.7)) and n (Equations (3.4) and (3.7)). This 
analysis identified that yp=1 (linear dependence in crystal mass,𝑋CaCO3) and n=2 (2
nd order 
dependence in supersaturation, ), in support of Equation (3.4) (see below). Table 3.3 presents the 
estimated values for y and n together with fitting parameters for Equations (3.8) and (3.9), namely, 
𝐾ads, kcryst,25 and Ea. Precipitation rates were found to generally increase with increasing 
supersaturation and increasing added seed concentration (𝑋CaCO3(0)), and the value of kcryst and 
precipitation rates generally increased with increasing temperature and decreased with increasing 
magnesium concentration. Most importantly, the exponent yp on 𝑋CaCO3was found to be 0.96±0.2 
(given ±95% confidence interval), which indicates a linear relationship as per Equation (3.4), and the 
exponent n was found to be 2.05(±0.29) for experiments with added magnesium and 1.3-1.6(±0.2) 
for experiments without added magnesium.  
Table 3.3 – Model parameter estimation values for the CCM tests (95% confidence intervals) 
Fitted parameters 
CCM1 - Full-
factorial design 
experiment 
CCM2 - Test of effects 
of supersaturation, 
temperature and pH 
CCM3 – Crystal 
seed mass and 
supersaturation 
Supersaturation 
exponent, n 
dimensionless 
2.05(±0.29)  1.3(±0.17) 1.6(±0.2) 
𝑋𝐶𝑎𝐶𝑂3(𝑠) 
exponent, yp 
dimensionless 
- - 0.96(±0.2) 
Activation energy, 
Ea, kJ.mole
-1 
52.7(±11.8)  51.68 (±7.9) - 
Adsorption 
coefficient, Kads 
L.moles-1 
1,829(±1,473)  - - 
kcryst,25C , min
-1 0.0043(±0.0013) 0.0017(±0.0002) 0.0014(±0.0011) 
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3.4 Discussion 
3.4.1 Baseline modelling approach 
A number of environmental factors can influence minerals precipitation in a wastewater. However, 
results in this Chapter suggest that a model may only need to consider a limited number of key effects, 
including supersaturation, the amount of mineral phase present in the wastewater and wastewater 
temperature (Table 3.2, Table 3.3). The findings lead to the simple and robust baseline approach in 
Equation (3.4), with a linear dependency on the mineral solid state 𝑋CaCO3, a 2
nd order dependency 
on supersaturation and a single adjustable parameter kcryst. This approach has the major advantage of 
not requiring detailed analysis of mineral surface area present in the wastewater, while still being able 
to model induction where very low seed concentrations exist. This is important because the amount 
of mineral surface area is one of the most influential factors for precipitation reactions (Wiechers et 
al. 1975). Larger amounts of mineral phase forces the precipitation or dissolving of a mineral in a 
wastewater towards equilibrium, and equilibrium is achieved much faster. This is seen in Figure 3.4, 
where an experiment with a larger amount of added calcite seed had SI values closer to zero between 
30 and 100 minutes, because of more rapid precipitation. Solids precipitation is driven by the mineral 
surface area available in the wastewater. However, it is difficult or impossible to reliably estimate the 
amount of mineral surface area in a wastewater. Consequently, a lumped growth rate parameter has 
been common with no separate treatment of mineral phase or mineral surface area (Batstone et al. 
2002, Musvoto et al. 2000a, van Langerak et al. 2000). The results of the dynamic titration 
experiments (Figure 3.2) indicated that the baseline model approach of Equation (3.4) with 𝑋CaCO3 
provided reasonable flexibility and model prediction capability. The constant composition 
experiments provided further support of this baseline modelling approach by validating the linear 
dependency of precipitation rates on 𝑋CaCO3 (Table 3.3) and by confirming the second-order 
dependency of precipitation rate on supersaturation  (Table 3.3).  
Parameter estimation (Figure 3.3) indicated that the baseline modelling approach was tolerant to 
quasi-equilibrium (high value of kcryst) but not to slow kinetics (low value of kcryst), so the default 
approach should adopt a high value for kcryst. This is shown in Figure 3.3, which has strong asymmetry 
with a sharper increase in the value of J for lower values of kcryst (below 0.0018 min
-1) and a very 
gradual increase in the value of J at higher values of kcryst (above 0.0038 min
-1). Having some minimal 
quantities of mineral seed in a system is not a problem, since the parameter fit was relatively 
insensitive to seed concentration below 1 mg.L-1. Hence a minimal quantity of mineral seed can be 
used as a default initial condition where the amount of mineral phase present is nil or unknown but 
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small. While the model was more tolerant to high values of kcryst (indicating that it is equilibrium-
limited), it is noted from Figure 3.4 and a survey of the wastewater modelling literature (Barat et al., 
2011; Joss et al., 2011; van Langerak et al., 1999) that SI values for calcite/aragonite are either 
significantly positive or negative in wastewater, so precipitation or dissolution have not usually 
attained strict equilibrium, even within the timeframe of biological processes. Accordingly, it is 
suggested that, although the model is more tolerant to high values of kcryst, it remains kinetically 
limited as indicated by the non-zero SI values (Figure 3.4).  That is, non-equilibrium can be detected 
by a non-zero SI but not effectively through individual state concentrations (which are used in the 
objective function). 
Equation (3.4) is a general approach to simulate precipitation processes from a reaction-based 
mechanistic standpoint and is designed to be easily coupled with biological models (as in Chapter 5). 
Such a kinetic-based model allows chemical precipitation reactions to occur with each model 
timestep, to achieve a resulting solution composition which may still have a significant 
supersaturation state. The present validation is based on calcite precipitation. However, as shown in 
Chapter 4, the model structure can be easily expanded to include precipitation of many other minerals 
of interest in wastewater treatment, with appropriate selections of n. As the approach is general, it is 
possible to implement the precipitation model to calculate the pH for precipitating systems (Chapter 
4) and to simulate precipitation in whole-of-plant models (Chapter 5). In full-scale facilities, it is 
expected that mineral precipitates would be continuously recycled, such that the linkage of rate to 
precipitate is implicitly included.  The presence of and recycling of heterogeneous surfaces (e.g. grit 
or particulate organics) in wastewater can and probably does induce heterogeneous nucleation 
(Section 2.5.3) and thus minerals precipitation. Nevertheless, it is expected that this would not greatly 
influence the model approach proposed in Equation (3.4), for two reasons; (1) nucleation (whether 
homogeneous, or more likely heterogeneous) is allowed for in Equation (3.4) by the seed crystal state 
for each relevant mineral, which then accounts for induction kinetics and (2) heterogeneous 
nucleation is likely to speed up overall precipitation, which is consistent with the default selection of 
a fast kcryst in cases where kinetics cannot be fully defined. 
Minerals that can precipitate in a wastewater treatment plant include phosphate minerals, carbonate 
minerals, magnesium ammonium phosphate (struvite), sulphide minerals (at anaerobic conditions) 
and hydroxides of aluminium and iron (Batstone et al. 2012). Not all of these precipitating reactions 
take place at all wastewater conditions (Chapter 4). Some of these minerals, in particular calcium 
carbonate and calcium phosphate, are capable of crystallizing out of solution in a variety of different 
mineral forms (crystalline vs. amorphous, and/or various crystalline polymorphs). It is suggested that 
the kinetics of transformation from a less to more stable mineral phase can be described by the 
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baseline model approach proposed in Equation (3.4), by implementing both polymorphs/phases as 
parallel competitive reactions with dedicated rate laws. This is later illustrated in Chapter 4 of the 
thesis. The less stable polymorph/phase can then initially form and ultimately redissolve (via the use 
of a reversible precipitation reaction), while the more stable polymorph/phase forms over longer 
process times. As precipitation mechanisms in wastewater become clearer (e.g., polymorphs) or 
where kinetic performance is more important, the proposed model can be readily expanded with 
additional rate processes (e.g., stable polymorphs in parallel with a slow kcryst and high Ksp). Again, 
these approaches are tested and validated in Chapter 4. 
3.4.2 Optional model corrections 
The model analysis using data from the constant composition experiments (Table 3.2) highlighted 
wastewater temperature as an important environmental factor and a need for temperature corrections 
of kcryst. This is also shown in Figure 3.6 where the model fit is only deemed statistically acceptable 
(R2>0.9) when temperature correction of kcryst was applied. Water temperature was observed to be a 
highly influential environmental factor (Table 3.2), with the rate of precipitation approximately 
tripling with a 10C increase in temperature. A relevant temperature range for wastewater treatment 
might be 10-50oC, particularly where temperature is artificially manipulated (e.g., in digesters and 
stripping). Both to account for seasonality and for artificial temperature variations in a plant-wide 
model, temperature correction of kinetics should be applied and an Arrhenius-style kinetic correction 
of kcryst is suggested (Equation (3.9)). There is still a general lack of activation energy (Ea) values for 
all the relevant minerals in wastewater (Batstone et al. 2012), although some values are available for 
relevant minerals (Boskey and Posner 1973, Harmandas and Koutsoukos 1996, Inskeep and 
Silvertooth 1988). The activation energies vary from mineral to mineral, perhaps related to the extent 
of crystallinity and perhaps also to the mechanism of crystal growth (Inskeep and Silvertooth 1988, 
Mullin 2001). For example, activation energy values are 40 kJ.mole-1 for amorphous iron sulphide 
(Harmandas and Koutsoukos 1996), 44 kJ.mole-1 for DCPD (Nancollas 1973), 70  kJ.mole-1 for 
struvite (Yu et al. 2013) and up to 185 kJ.mole-1 for hydroxyapatite (Inskeep and Silvertooth 1988). 
An estimate of Ea from the present work (Ea ≈ 52 kJ.mole-1, Table 3.3) agrees well with values of 40-
60 kJ.mole-1 previously reported for calcite by others (Kazmierczak et al. 1982, Mullin 2001, 
Nancollas 1979, Nancollas and Reddy 1971, 1973, Wiechers et al. 1975). When activation energies 
are unavailable, it might be possible to select arbitrary values, but as highlighted by the examples 
above, actual values for different minerals can vary greatly. 
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Magnesium impurity showed a significant effect on calcite precipitation rates (Table 3.2). The 
presence or absence of magnesium impurity also significantly altered the power law exponent for the 
effect of supersaturation on precipitation rates (Table 3.3). However, the influence of magnesium was 
much weaker than that of supersaturation, mineral phase concentration and temperature. Accordingly, 
correction of precipitation kinetics with dedicated inhibition-style terms such as Equation (3.8), may 
be considered as optional and may depend on the level of model application. Three basic levels of 
application can be considered: 
i. Mainly equilibrium driven – dilute systems (e.g., main line).  Aqueous phase via algebraic 
equation set and precipitation kinetics with a high kcryst without corrections for temperature 
and impurities.  
ii. Higher wastewater strengths – e.g., digesters.  Aqueous phase via algebraic equation set and 
precipitation kinetics with an order of magnitude estimate of kcryst based on prior knowledge.  
Furthermore, the model should at least implement kinetic temperature correction of kcryst. 
iii. Mission critical modelling (e.g., crystallisers, scaling, mechanistic studies).  Aqueous phase 
via algebraic equation set, precipitation kinetics with the use of reliable kinetic information 
(very important to this implementation) to estimate kcryst and kinetic corrections to kcryst for 
both temperature and impurities. 
The influence of other ions in wastewater such as copper, zinc, and calcium in the case of magnesium-
based minerals, may have a similar effect to that observed for magnesium in the present study. It 
would be possible to include their complexation reactions in the algebraic equation set. Finally, where 
required for mission critical modelling, the kinetic effects of other ions can be accounted for via an 
inhibition-style correction of kcryst such as is implemented for magnesium (Equation 3.8). 
3.5 Conclusions 
Calcite precipitation could be effectively modelled in both extended pH titration experiments, as well 
as constant composition experiments using a single-parameter rate equation that was first-order in 
mineral solid state concentration, and nth order in thermodynamic supersaturation (n=2 for calcite).  
This was effective both with and without seed crystal, with no-seed experiments being simulated with 
a residual (<1 mg.L-1) seed mass that was able to effectively replicate induction kinetics. The effect 
of temperature in precipitation rate kinetics could be corrected for by an Arrhenius-style relationship, 
while competing ions (Mg2+) could be corrected for by a Langmuir adsorption isotherm. The pH and 
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ionic strength of the aqueous phase did not show substantial additional effects beyond those already 
accounted for in the speciation model.  Where the kinetic coefficient kcryst is unknown, it should be 
preferentially selected as a high value, since the model is tolerant to a high coefficient, but not a low 
coefficient. Due to its general applicability, the use of this model is recommended for generalised 
precipitation modelling in wastewater systems.
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CHAPTER 4 
A SYSTEMATIC STUDY OF MULTIPLE 
MINERALS PRECIPITATION MODELLING IN 
WASTEWATER TREATMENT 
4.1 Introduction 
 A large number of potential precipitants can form during wastewater treatment. Key precipitating 
species in wastewater treatment include carbonates and phosphates of calcium and magnesium (Barat 
et al. 2011, Musvoto et al. 2000a, van Rensburg et al. 2003). Some of the minerals are also capable 
of forming a variety of different minerals, including amorphous and crystal polymorphs (Brečević 
and Nielsen 1989, Kralj et al. 1997, Meyer and Weatherall 1982). This is consistent with the Ostwald 
rule of stages, which stipulates that the formation of a more stable phase can be preceded by the 
preferential formation of one or more thermodynamically less stable precursor phases (Mullin 2001). 
A multi-sequential-step approach has been previously used for modelling of minerals precipitation 
(Barat et al. 2011, Kralj et al. 1997), whereby the rate kinetics of one more stable mineral is assumed 
to be dependent on the concentration of another less stable precursor mineral. This modelling 
approach can substantially add complexity to a wastewater model due to inclusion of a multi-step 
process. A simpler approach (which is advocated in the present study) is parallel precipitation 
modelling where minerals are assumed to form simultaneously and independently, competing for the 
same pool of participating ions in the aqueous phase  (Musvoto et al. 2000, Ekama et al. 2006). In 
this case, a faster forming less thermodynamically stable mineral could re-dissolve to supply ions to 
a slower forming more thermodynamically stable mineral. The parallel modelling approach could 
also quantify the influence of precipitation rate kinetics on final mineral product mix.  
The work in Chapter 3 (Kazadi Mbamba et al. 2015a) tested a precipitation modelling approach on 
calcite precipitating in synthetic aqueous solutions. This applied equilibrium-constraints for aqueous-
phase reactions and a kinetic description for minerals precipitation with an nth order dependency on 
thermodynamic supersaturation. Based on observed evidence, the model also included a 1st order 
effect of the amount of mineral phase present in the wastewater (Xcryst). The only contestable 
parameter (i.e., which required fitting) was a precipitation rate coefficient, because saturation extent 
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was fully defined by thermodynamics. The model approach was observed to be more tolerant to a fast 
precipitation rate coefficient (Chapter 3), which implied that a modeller could select an arbitrarily 
high kinetic rate coefficient when process data was not available to estimate model parameters. Thus, 
the modelling approach in Chapter 3 could be well-suited to modelling multi-species systems. Each 
precipitation reaction would only have one fitted parameter, the kinetic rate coefficient, which could 
potentially be set arbitrarily high without needing sophisticated parameter estimation. However, this 
requires further testing for multi-species systems or real wastewater and this is the focus of the study 
described in the present chapter.  
Another critical issue is the identification of model parameters. These are often determined via 
manual fitting (Musvoto et al. 2000, Ekama et al., 2006), which can be tedious, may be unreliable 
and provides little information on parameter correlation and bounds of parameter confidence. A 
systematic approach is instead applied in the present Chapter to identify model characteristics with 
respect to statistically fitted precipitation rate parameters. 
4.2 Materials and methods  
Experiments were performed to provide robust data that reflected dynamic behaviour and allowed 
statistical estimation of kinetic model parameters. The experiments were performed in batch using 
dynamic titration or aeration to progressively increase wastewater pH and induce minerals 
precipitation. Measurements tracked the change in pH and dissolved calcium, magnesium, total 
inorganic carbon, inorganic nitrogen and phosphate, due to minerals precipitating.  
4.2.1 Sample materials  
Experiments were carried out using synthetic and real wastewaters which were: 
 Synthetic wastewater: synthetic aqueous solutions prepared as described in Chapter 3. 
 Piggery digestate: effluent from a partially covered anaerobic piggery lagoon at a piggery 
near Grantham QLD (see Skerman and Collman (2012) for further details).  
 Sewage sludge digestate: anaerobic digester sludge collected from a domestic wastewater 
treatment plant in South East Queensland, with combined primary and secondary sludge 
digestion.  
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The real wastewater samples were kept in sealed containers at ambient temperature to minimize CO2 
stripping and to limit inadvertent precipitation before the experiments. The supernatants, which were 
used in the experiments, were decanted after the wastewater samples had settled for at least 2 days. 
All the samples were characterized prior to the experiments for dissolved major elements using 
Inductively Coupled Plasma Optical Emission Spectroscopy (ICP-OES), flow injection analysis 
(FIA), ion chromatography (IonC) and total carbon analysis (TCA) (see Analytical techniques).  
4.2.2 Apparatus 
The dynamic titration experiments used an auto-titrator (T70, Mettler-Toledo, Greifensee, 
Switzerland) with a pH sensor (Model DGi115-SC, Mettler-Toledo, Greifensee, Switzerland). The 
titration vessel used was a 1 L stirred glass crystallizer. During a titration, the test sample to which 
titrant was added was stirred with a 40 mm teflon-coated magnetic bar stirrer at 300 rpm. The volume 
of each titrant added, the pH and the temperature were recorded over time through a LabX Light 
Titration Software interface (Mettler-Toledo, Greifensee, Switzerland).  
The aeration experiments used a crystallizer which was a 1.1 L Pyrex glass vessel and lid with open 
ports. The crystallizer, positioned over a magnetic stirrer plate, was stirred with a 40 mm teflon-
coated magnetic bar stirrer at 350 rpm. pH change by aeration was monitored with a pH sensor (Model 
DGi115-SC, Mettler-Toledo, Greifensee, Switzerland), connected to the auto-titrator and recorded 
over time through the LabX Light software. During the aeration experiment, wastewater was aerated 
with a flexible polymer fine bubble air diffuser tube (Liya Aquarium “Air Curtain”). At the beginning 
of each aeration experiment, the air flow rate was set to a fixed value with an air flowmeter with a 
manual fine flow-adjustment valve (Water Key Instruments, Trevose USA). 
4.2.3 Experimental procedures 
Four experiments were performed for model analysis, classified as follows: 
 Experiment 1 - Continuous pH titration tests with synthetic wastewater, to test the competition 
of various major divalent cations with higher concentration of phosphate, in the absence of 
inorganic carbon. The initial pH of a 1 L aliquot of test wastewater was adjusted to a desired 
value using concentrated sodium hydroxide (NaOH) or hydrochloric acid (HCl) solutions, 
with the amount of added acid or caustic recorded. A 2M aqueous solution of NaOH (5-10 
mL total) was then quantitatively added at a predetermined fixed rate and pH was continuously 
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measured. 100 mg.L-1 of struvite crystal seed (prepared as described by Mehta and Batstone 
(2013)  was then added at a time point in the experiment where the solution was estimated 
(using SI values) to have transitioned from undersaturated to supersaturated conditions with 
respect to struvite. 
 
 Experiment 2 - Aeration experiments with piggery digestate and added phosphate. To raise 
the level of phosphate of the piggery digestate, 0.255 g of NaH2PO4 was added to 1000 mL 
of piggery digestate (increased to 65.8 mgP/L). This amended piggery digestate was aerated 
to strip carbon dioxide (CO2) to raise pH and induce precipitation. pH values were 
continuously measured and recorded over a typical test time of 24 hours. 
 Experiment 3 - Aeration experiments on sewage sludge digestate. Similar to Experiment 2, 
but with the different wastewater and without added phosphate.  
 Experiment 4: this experiment was essentially a repeat of Experiment 1, but without struvite 
seed material added.  
 Experiment 5: this experiment was essentially a repeat of Experiment 2 but without PO4 
added.  
 Experiment 6:  this experiment was a repeat of Experiment 3. 
 Experiment 7 - Aeration experiments on sewage sludge digestate at different TSS contents. 
Similar to Experiment 3, but with different native TSS concentrations. Settled supernatant and 
unsettled digestate samples were volumetrically mixed to achieve target TSS concentrations 
of 1118 gTSS.m-3, 4002 gTSS.m-3 and 10959 gTSS.m-3. 
All the experiments were carried out at measured room temperature (20 – 25oC). For chemical 
analysis in each experiment, 3 mL samples of the titration vessel contents were collected at specified 
time intervals, immediately filtered through 0.45 µm cut-off syringe filters (PES), diluted with 
deionized water to prevent post-precipitation and stored at 4oC until analysis by ICP-OES, FIA, IonC 
and TCA (see directly below). 
4.2.4 Analytical techniques 
The major elements (Ca, Mg, Na, K) were analysed with ICP-OES (Perkin Elmer Optima Model 
7300DV, Waltham, MA, USA) after nitric acid digestion. Ionic concentrations N-NH4
+ and P-PO4
-3 
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were quantified with a Lachat QuickChem flow injection analyser (Lachat Instruments, Loveland, 
CO, USA) using Standard Method 31-107-06-1-A. Total Inorganic Carbon (TIC) concentrations were 
quantified using a Total Carbon Analyser (Shimadzu TOC-L CSH Total Organic Carbon Analyser, 
Kyoto, Japan). Chloride, sulphide, thiosulfate, sulphite and sulphate concentrations were measured 
by IonC using a Dionex ICS-2000 IC System fitted with an AS50 Autosampler and AD25 Absorbance 
Detector (Dionex, Sunnyvle, CA). A RFIC IonPac AS18 column was used with the instrument. The 
sample was eluted with a KOH gradient (12 – 52 mM) and absorbance was measured at a wavelength 
of 230 nm. The IC analyses were performed at 35oC. The pH in all experiments was measured with 
a pH sensor (Model DGi115-SC, Mettler-Toledo, Greifensee, Switzerland), and it is especially noted 
here that a highly precise and reliable pH sensor is essential for minerals precipitation studies. Total 
suspended solids (TSS) were determined as a difference between total solid (TS) and total dissolved 
solids (TDS). TS was measured by evaporating and drying a wastewater sample at specified 
temperature (103 to 105 oC). TDS was determined as for TS but on wastewater samples filtered 
through 0.45 µm cut-off syringe filters (PES).  
4.2.5 Physicochemical model 
The model structure consisted of three parts;  
(1) Equilibrium part - An algebraic equation set describing rapid aqueous phase reactions (weak acid-
base and ion complexation), previously fully described in Chapters 2 and 3. 
(2) Kinetic part - An ordinary differential equation set describing dynamics for dissolved 
components, including dilution, chemical precipitation and dissolution reactions. The kinetic rate 
expression for precipitation/dissolution was similar to that in Chapter 3, but in expanded form for 
multiple minerals.  
(3) Gas (CO2 and NH3) stripping was described by specific volumetric mass transfer using 𝑘𝐿𝑎 
kinetics. 
As for Chapter 3, thermodynamic equilibrium constants were sourced from the Visual MINTEQ 
database (Version 3.1, Beta, Royal Institute of Technology (KTH)) (Gustafsson 2015) and were 
corrected for temperature using the van’t Hoff equation (Equation 2.7).  
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The kinetic part of the model consisted of dynamic state equations for total dissolved species and 
each mineral solid state (Xcryst, with units of moles.L
-1). The rate expression for minerals precipitation 
was: 
𝑟cryst = 𝑘cryst𝑋cryst𝜎
𝑛    (2.17) 
 
where 𝑛 was equal to 3 for struvite and equal to 2 for other minerals. Again, relative supersaturation, 
𝜎, was calculated as follows for struvite as an example (Nielson, 1984): 
𝜎 =  (
𝑎(𝑀𝑔2+  ) × 𝑎(𝑁𝐻4+) × 𝑎(𝑃𝑂43−)
𝐾𝑠𝑝𝑆𝑡𝑟𝑢𝑣
)
1
3⁄
− 1      (4.1) 
 
KSP,Struv, the solubility product constant for pure struvite, was set to 10
-13.26 (Ohlinger et al. 1998).  
Table 4.1 presents the individual kinetic rate expressions for the various relevant precipitation 
reactions. The initial conditions for the particulate mineral states (e.g. Xstruv) were nominally set at a 
value of 10-5 Mole.L-1 (Chapter 3), except in Experiment 1 to which 100mg.L-1 of struvite seed was 
added, where instead Xstruv was initially set to 10
-3 Mole.L-1. 
CO2 gas exchange was modelled by single-film-controlled mass transfer as follows (Batstone et al. 
2002): 
𝑟CO2 (g) = 𝑘𝐿𝑎 (𝑍CO2 (aq) − 𝐾𝐻𝑃CO2 (g))    (4.2) 
 
where 𝑘𝐿𝑎 (h
-1), 𝑍CO2 (aq) (mole.L
-1), 𝐾𝐻 (mole.L
-1.atm-1), 𝑃CO2 (g) (atm) are the overall film mass 
transfer coefficient, concentration of dissolved carbon dioxide in the liquid bulk phase at time t (as 
calculated by the Equilibrium model part), the Henry’s law constant (0.034 mole.L-1.atm-1) (also 
corrected for temperature using van’t Hoff) and the partial pressure of CO2 (0.00032 atm) in air being 
sparged, respectively. The 𝑘𝐿𝑎 value for CO2 stripping was estimated during dynamic parameter 
estimation. Ammonia gas exchange (pKa = 9.244, KH = 58 mole.L
-1.atm-1) was also considered in the 
model where relevant, using a rate expression similar to Equation 4.2, and recognising that ammonia 
gas transfer would likely be gas-film controlled (Batstone et al., 2012).  
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Table 4.1 – Stoichiometric matrix format showing kinetic rate equations and equilibrium constants for the precipitation/dissolution processes 
Precipitation 
processes 
Stoichiometry 
Rate equations 
 
𝑯+ 𝑵𝑯𝟒
+ 𝑪𝒂𝟐+ 𝑴𝒈𝟐+ 𝑪𝑶𝟑
𝟐− 𝑷𝑶𝟒
𝟑− 
Equilibrium 
constants 
Amorphous 
calcium 
phosphate 
(ACP) 
  +/-3   +/-2 𝑘𝐴𝐶𝑃 × 𝑋𝐴𝐶𝑃
[
 
 
 
(
(𝑎(𝐶𝑎2+  ))
3
× (𝑎(𝑃𝑂43−))
2
𝐾spACP
)
1
5⁄
− 1
]
 
 
 
2
 𝑝𝐾𝑠𝑝,𝐴𝐶𝑃=25.46 
a 
Calcium 
carbonate 
monohydrate 
(CCM) 
  +/-1  +/-1  
𝑘CCM × 𝑋CCM [(
𝑎(𝐶𝑎2+  ) × 𝑎(𝐶𝑂32−)
𝐾𝑠𝑝𝐷𝐶𝑃𝐷
)
1
2⁄
− 1]
2
 
𝑝𝐾𝑠𝑝,𝐶𝐶𝑀=7.144 
a 
Dicalcium 
phosphate 
hydrate (DCPD)  
+/-1  +/-1   +/-1 𝑘DCPD × 𝑋DCPD [(
𝑎(𝐶𝑎2+  ) × 𝑎(𝐻+) × 𝑎(𝑃𝑂43−)
𝐾𝑠𝑝𝐷𝐶𝑃𝐷
)
1
3⁄
− 1]
2
 𝑝𝐾𝑠𝑝,𝐷𝐶𝑃𝐷=18.99 
a 
Octacalcium 
phosphate 
(OCP)  
+/-1  +/-4   +/-3 𝑘𝑂𝐶𝑃 × 𝑋𝑂𝐶𝑃
[
 
 
 
(
𝑎(𝐻+  ) × (𝑎(𝐶𝑎2+  ))
4
× (𝑎(𝑃𝑂43−))
3
𝐾spOCP
)
1
8⁄
− 1
]
 
 
 
2
 𝑝𝐾𝑠𝑝,𝑂𝐶𝑃=47.95 
a 
Struvite   +/-1  +/-1  +/-1 𝑘𝑆𝑡𝑟𝑢𝑣 × 𝑋𝑆𝑡𝑟𝑢𝑣 [(
𝑎(𝑀𝑔2+  ) × 𝑎(𝑁𝐻4+) × 𝑎(𝑃𝑂43−)
𝐾𝑠𝑝𝑆𝑡𝑟𝑢𝑣
)
1
3⁄
− 1]
3
 
𝑝𝐾𝑠𝑝,𝑆𝑡𝑟𝑢𝑣=13.26 
b 
kStruv,kDCPD, kACP, kCCM and  kOCP are the empirical kinetic rate coefficients (min-1) for Struvite, DCPD, ACP, CCM and OCP, respectively. XStruv, XDCPD, XACP, XCCM and XOCP 
are the concentrations (moles/L) of Struvite, DCPD, ACP, CCM and OCP, respectively. KspStruv, KspDCPD, KspACP, KspCCM, and KspOCP are the solubility constants for Struvite, 
DCPD, ACP and OCP, respectively. a(Mg+2),a(NH4+), a(PO4-3), a(Ca+2), a(CO3-2) and a(H+) are the chemical activities of magnesium, ammonium, phosphate, calcium, carbonate and 
hydrogen ions, respectively, in the aqueous phase.   
a Visual MINTEQ (Version 3.0, Royal Institute of Technology (KTH)) 
b (Ohlinger et al. 1998) 
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4.2.6 Model implementation 
The combined differential-algebraic equation set was implemented in Matlab C-MEX files, and 
solved in MATLAB/SIMULINK (Version 8.1, Mathworks inc) as described in Chapter 3 and 
elsewhere (Flores-Alsina et al. 2015b, Solon et al. 2015).  Note that the model implementation was 
purposefully prepared to be modular plug-and-play and compatible with other 
MATLAB/SIMULINK wastewater process models such as the plant-wide Benchmark Simulation 
Model no. 2 (BSM2) (Solon et al. 2015).   
The mass balances for minerals precipitation account for the transfer of material from the bulk liquid 
to a solid phase, changing the chemical species distribution of the weak acid-bases and ion pairs, 
which in turn affect the thermodynamic driving forces for precipitation reactions.  Equation 4.3 
describes the transfer of precipitating ions such as magnesium, calcium, soluble phosphate, ammonia 
nitrogen and total inorganic carbon from the aqueous phase to the solid phase in a batch aerated 
system. 
𝑑𝑆𝑖
𝑑𝑡
= ∑ 𝑁 𝑟𝑐𝑟𝑦𝑠𝑡,𝑖
𝑞
𝑘=1
 + 𝑟gas,i        𝑖 = 1,… , 𝑛    (4.3) 
where 𝑆𝑖 is the state concentration vector,  𝑟𝑐𝑟𝑦𝑠𝑡,𝑖 the rate of minerals precipitation, 𝑟gas,i the rate of 
gas transfer and 𝑁 is the stoichiometric matrix for the process reactions (Table 4.1). 
Assumptions regarding the multiple minerals precipitation model in aerated batch systems used in 
the present case are as follows: 
1) The major assumption is that various minerals precipitate in parallel rather than sequentially. 
Phase transformations (from one mineral to another mineral) are unlikely to take place due to 
low retention times and due the composition of wastewater which may contain significant 
amounts of compounds that inhibit the formation of the most stable mineral phases. For 
instance, the presence of foreign ions such as Mg2+ can favour the precipitation of aragonite 
rather than calcite (Morse, 1983; Tai & Chen, 1998; Brečević & Nielsen, 1989).  
2) Transfer of mass from the liquid phase to the solid phase has no effect on total volume. This 
assumption also holds true for the transfer from liquid to gas phase. 
3) The liquid phase in the reactor is well mixed. This is ensured by aeration which is carried out 
from the bottom of the crystallizer increasing the turbulence in the system. 
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4) The aqueous phase reactions (weak acid-base and ion pairing) are assumed to be 
instantaneous.  
5) Minerals precipitation are assumed to be slow-forming, hence it is modelled with a kinetic-
based approach. 
6) The rate of minerals precipitation has a first order dependency on the mineral solid state. This 
assumption has been validated in Chapter 3 for calcite precipitating from synthetic aqueous 
system and this observation is extended to other mineral phases.  
7) There is no biological activity in the crystallizer.  
4.2.7 Parameter estimation  
Optimum values of kinetic coefficients kcryst and kLa (Equations 2.17 and 4.2) were estimated by 
separately fitting the dataset from each experiment, using a non-linear local optimization technique, 
lsqcurvefit, in MATLAB with the default 'trust-region-reflective' algorithm (Optimization Toolbox 
User’s Guide Release 2014b, The MathWorks, Inc., Natick, Massachusetts, United States). Soluble 
concentrations of calcium, magnesium, phosphate and total inorganic carbon were all selected and 
used as the fitted output being simultaneously optimised. As with Chapter 3, the residual sum of 
squares (RSS) was used as objective function defined as follows: 
𝐽 = 𝑅𝑆𝑆 = ∑(𝑦 − ?̂?)2    (4.4) 
where y is the experimentally measured output and ?̂? is the simulated output. Linear estimates of 
confidence intervals were represented either by parameter standard error (from the Fisher information 
matrix), or by non-linear confidence regions based on an F-test in J using the Equation (3.6): 
𝐽crit = 𝐽opt (1 +
𝑝
𝑛data − 𝑝
)𝐹0.95,𝑝,𝑛data−𝑝    (3.6) 
 
where Jcrit defines the limit of model validity, Jopt is the optimum objective function value, p is the 
number of fitted parameters (2 or 3, see Results), Ndata is the number of experimental data points and 
F0.95,p,ndata-p is the cumulative F distribution value (computed with finv function in MATLAB). 
Parameter surfaces corresponding to Jcrit were found using an optimization gradient search method as 
previously described elsewhere (Batstone et al. 2003). The gradient search method uses initial 
estimates with a random choice of starting points based on linear parameter uncertainty. The points 
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converge in the direction of the optimum point where the RSS is minimum to obtain the coordinates 
of the points on the parameter surface that enclose the “true” confidence region. 
4.2.8 Identifying minerals that precipitate  
Methods to identify precipitating species have included prior knowledge and process understanding 
(Ekama et al. 2006a, Musvoto et al. 2000a) or equilibrium predictors (Antony et al. 2011, Barat et al. 
2011, Huber et al. 2012, Joss et al. 2011a). In the present study, an additional approach was also 
applied using kinetic parameter confidence for various minerals in a kinetic model description. Via 
this statistical approach, the formation of a mineral was deemed to be significant if the kinetic 
parameter for that mineral was found to be significant (that is, the lower bound of the 95% confidence 
interval of the parameter should not be zero or negative). This approach is recognised as another 
approach which could be used alongside prior knowledge and equilibrium predictors.  
4.3 Results  
4.3.1 Precipitating minerals 
Table 4.2 gives the measured compositions of the 3 wastewater samples (synthetic wastewater, sludge 
digestate and piggery digestate). The synthetic wastewater contained magnesium (Mg), calcium (Ca), 
phosphate (PO4) and inorganic nitrogen (the relevant form being ammonium, NH4+) which could 
precipitate as struvite (MgNH4PO4.6H2O) (Doyle et al. 2000), dicalcium phosphate dihydrate 
(DCPD, CaHPO4.2H2O), amorphous calcium phosphate (ACP, Ca3PO4) and octacalcium phosphate 
(OCP, Ca4H(PO4)3.2.5H2O) (van Kemenade and de Bruyn 1987). The sludge digestate and piggery 
digestate also contained a considerable amount of Ca, Mg, NH4+ and carbonate (CO3
-2), but PO4 was 
low in piggery digestate and had to be added to provide realistic conditions for precipitation. 
According to the relevant literature, the sludge digestate and the phosphate-spiked piggery digestate 
could support the precipitation of struvite, magnesium phosphate (Abbona et al. 1982), calcium 
carbonate (CaCO3) (Nancollas and Reddy 1971) and calcium phosphate (van Kemenade and de Bruyn 
1987). 
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4.3.1.1 Experiment 1: synthetic wastewater with titration 
An increase in pH (Figure 4.1A) led to formation of precipitates, with a corresponding decrease in 
soluble phosphate (Figure 4.1B) and calcium (Figure 4.1E). This is related to formation of a calcium 
phosphate mineral (the model suggested DCPD), which became supersaturated and precipitated 
around 1.8 h. As the pH continued to increase with time (for around 3.5 hours), further decreases in 
calcium, magnesium, inorganic nitrogen and phosphate were observed, suggesting that other minerals 
became supersaturated and precipitated, such as struvite and OCP (see Figures 4.1B, 4.1C, 4.1D and 
4.1E). When two or more precipitates formed, competition between the minerals was well described 
inherently by the model. In this case, key competitive minerals appeared to include struvite and 
calcium phosphate (model indicated DCPD and OCP). The competition between these multiple 
minerals caused the complex interactions between pH, phosphates, and relevant cations observed in 
Figures 4.1B, 4.1C, 4.1D and 4.1E. Figure 4.2 presents a summary of parameter confidence regions 
for Experiment 1. An analysis of Figure 4.2 shows that the parameter space of the 95% confidence 
regions for the three parameters (kStruv on the x-axis, kDCPD, on the y-axis and kOCP on the z-axis) was 
generally right-asymmetric, particularly for the fast forming minerals (e.g. Struvite).  
4.3.1.2 Experiment 2: piggery digestate with aeration 
Figure 4.3 presents experimental data and model results for the aeration test with piggery digestate 
(Experiment 2). In this experiment, the pH was increased by CO2 stripping via continuous aeration, 
leading to a decrease in soluble inorganic carbon. Soluble magnesium, phosphate and inorganic 
nitrogen also immediately started to decrease when air flow was started. However, the decrease in 
soluble calcium was delayed by about 10 hours. This specifically is described by relatively rapid 
struvite formation (kStruv =12±10 h
-1, Table 4.3) and relatively slow calcium carbonate monohydrate 
(CCM) formation (kCCM=0.36±0.03 h
-1, Table 4.3). Figure 4.3G illustrates the joint confidence region 
of the parameters in Experiment 2. As shown in the upper-unlimited/unbounded confidence region, 
any arbitrarily high kcryst value would have been suitable for struvite (x-axis), while calcium carbonate 
kinetic coefficient values were tightly bound (y-axis).  
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Table 4.2 – Wastewater matrix characteristics 
 
 
 
 
 
Parameter 
Synthetic 
wastewater 
Piggery 
digestate a 
Sludge 
digestate b 
Sludge digestatec  
TS1 TS2 TS3 
Ammonia ( gNH4-N.m-3) 423 983 1010 839 870 863 
Calcium ( g.m-3) 95 207 107 86 87 86 
Chloride ( g.m
-3) 1815 1797 742    
Iron ( g.m-3) 0 0.64 1.1    
Magnesium ( g.m-3) 120 126 49 44 53 43 
Phosphorus ( gPO4-P.m-3) 479 96 84 89 99 82 
Potassium ( g.m-3) 0 989 164 126 129 129 
Sodium ( g.m-3) 336 712 481 400 411 410 
Sulphate ( g.m-3) 0 0.07 7.3    
Sulphide ( g.m-3) 0 0.08 0.11    
Total dissolved inorganic 
carbon (g.m-3)  
0 1150 945 815 793 815 
Total suspended solid 
(gTSS.m-3) 
   1118 4002 10959 
pH (standard) 2.5 7.3 7.4 7.3 7.3 7.2 
a  Piggery digestate – the analysis was carried out on supernatant after addition of phosphate 
b Sludge digestate – the analysis was carried out on the supernatant  
c Sludge digestate – the analysis was carried out on three samples with different TSS 
concentrations 
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Table 4.3 – Estimated optimum values for the kinetic coefficients in each of the three precipitation 
experiments, given with ± linear estimates of 95% confidence intervals estimated using two tailed t-
student tests. 
Kinetic 
coefficients  
Experiments 
1–Titration in 
synthetic wastewater 
2 – Aeration in 
piggery digestate 
3 – Aeration in 
sludge digestate 
4 – Aeration in 
sludge digestate 
kStruv  3.2±1.0 12±10 4.49±1.3 33±13 
kCCM   0.36±0.03 <0.2  
kACP    3.15± 1  
kOCP  0.76±0.69    
kDCPD  1.63±0.49   53±14 
kLa (CO2)  5.5±0.5 5.5
* 0.35* 
kLa (NH3)  0.003
* 0.003± 0.0013  
kStruv, kCCM, kDCPD, kACP and  kOCP are the empirical kinetic rate coefficients (h
-1) for struvite, calcium 
carbonate monohydrate (CCM), dihydrate dicalcium phosphate (DCPD), amorphous calcium 
phosphate (ACP)  and octacalcium phosphate (OCP), respectively.  
kLa (CO2) and kLa (NH3) are the the overall film mass transfer coefficients (h
-1) for CO2 and NH3, 
respectively. 
* Assumed value 
Chapter 4 – A Systematic Study of Multiple Minerals Modelling in WWT 
  
 
83 
 
 
Figure 4.1 – Experimental data and model fits for Experiment 1 with titration tests on synthetic 
wastewater, expected to precipitate out struvite, dicalcium phosphate dihydrate (DCPD), 
amorphous calcium phosphate (ACP) and octacalcium phosphate (OCP). The lines show 
simulation results using the optimum parameter values listed in Table 4.3. 
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Figure 4.2 – Confidence regions at the 95% confidence limit for kinetic parameters determined 
from model fits of data from Experiment 1 – Titration with synthetic wastewater. The confidence 
region is presented as a three-dimensional volume (A) and as two-dimensional projections on three 
different X-Y planes (B, C, D), with fitted kinetics for the minerals struvite (Struv), octacalcium 
phosphate (OCP) and dicalcium phosphate dihydrate (DCPD). The large dots are the optimum 
values listed in Table 4.3. 
4.3.1.3. Experiment 3: sludge digestate with aeration 
Figure 4.4 presents simulation and experimental results for the aeration experiment with sludge 
digestate (Experiment 3). In this experiment, pH increased due to CO2 stripping by aeration. 
Measured calcium, magnesium, phosphate and inorganic nitrogen decreased over time (Figures 4.4C-
F), probably by the precipitation of struvite and calcium phosphate minerals (model indicated ACP). 
The competition with time among minerals was driven by the dynamics of pH change and availability 
of calcium, magnesium, phosphate, total inorganic carbon and inorganic nitrogen. However, in this 
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Experiment 3, ACP (kACP = 3.2±1 h
-1, Table 4.3) was observed to have similar kinetic rates to struvite 
(kStruv =4.5±1.3 h
-1, Table 4.3), indicating that these two minerals were strongly competing. Formation 
of calcium carbonate (CCM) was very limited in Experiment 3, such that the kCCM value was not 
significantly different from zero (0 - 0.2 h-1).  In such a case, CCM could either be eliminated, or 
retained in the model with an arbitrarily low kinetic coefficient, depending on its importance as an 
output. Figure 4.4G shows kinetic parameter confidence regions for struvite and ACP in Experiment 
3. Unlike Experiment 2, the confidence region here was bounded symmetric, indicating that the model 
was slightly more tolerant to higher values of kinetic coefficients for these strongly competing 
minerals, but in general, parameter correlation was low, indicating that parameter values for 
individual minerals could be independently fitted (keeping all other model parameters constant).  
4.3.2 Model prediction capability (Experiments 4-6) 
To test the model prediction capability, the fitted parameters from one set of experiments 
(Experiments 1-3, parameters in Table 4.3) were reused to predict dynamics for repeat experiments, 
under slightly different conditions. The results, which are presented in Figures 4.5, 4.6 and 4.7, 
showed that parameters would probably be transferable within wastewaters, with slightly different 
operating conditions. Prediction of pH and dynamic state variables was very good and consistent. The 
only instance of poor prediction was over-prediction of TIC in one experiment (See Figure 4.7), 
probably due to differences in CO2 exchange and thus kLa. 
4.3.3 Influence of TSS on precipitation kinetics (Experiment 7) 
Further model analysis tested the influence of wastewater TSS on the precipitation kinetic rate, and 
sought to assess the use of 𝑋cryst as a reference state for multiple minerals precipitation. For this 
purpose, Experiment 7 trialled three different native TSS concentrations. The dataset for Experiment 
7 was adequately fitted with a single set of parameter values, which were (given with linear estimates 
of confidence) kStruv = 33.1±13.1 h
-1 and kDCPD = 53.1±13.7 h
-1 for struvite and DCPD, respectively. 
Figure 4.8 presents the fit together with the experimental data and shows that the baseline model fit 
all three experiments qualitatively well. The final concentrations of Mg, PO4-P and NH4-N in all the 
three experiment were within the same range, indicating that struvite formation was insensitive to 
TSS. However, calcium did show a discrepancy between the lowest TSS and the higher two TSS 
conditions, indicating a variable influence of TSS on calcium minerals precipitation. 
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Figure 4.3 – Experimental data and modelling fits for Experiment 2 with aeration tests on piggery 
digestate. The lines show the simulaton results using the optimum kinetic parameter values listed in 
Table 4.3. An in-lay (G) presents confidence regions at the 95% confidence limit for fitted kinetic 
parameters of the minerals struvite (Struv) and calcium carbonate (monohydrate) (CCM). 
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Figure 4.4 – Representative experimental and modelling data for the precipitation Experiment 3 - 
aeration tests with sludge digestate. The symbols and the solid lines represent the experimental and 
simulation results, respectively. The simulation used the optimum parameter values listed in Table 
4.3. An in-lay (G) presents confidence regions at the 95% confidence limit for fitted kinetic 
parameters of the minerals struvite (Struv) and amorphous calcium phosphate (ACP). 
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Figure 4.5 – Experimental data vs. model prediction for Experiment 5 with pH titration of synthetic 
wastewater with sodium hydroxide, and simulation using the optimum kinetic parameters derived 
from a different experiment (Experiment 1, Table 4.3). The symbols and the solid lines represent the 
experimental and simulation results, respectively. 
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Figure 4.6 – Experimental data vs. model prediction for Experiment 6 with aeration of piggery 
digestate and simulation using the optimum kinetic parameters derived from a different experiment 
(Experiment 2, Table 4.3). The symbols and the solid lines represent the experimental and 
simulation results, respectively. 
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Figure 4.7 – Experimental data vs. model prediction for Experiment 7 with aeration of sludge 
digestate and simulation using the optimum kinetic parameters derived from a different experiment 
(Experiment 3, Table 4.3). The symbols and the solid lines represent the experimental and 
simulation results, respectively
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Figure 4.8 – Data from three aeration tests with sludge digestate under three different initial TSS 
concentrations 1118 gTSS.m-3 (*), 4002 gTSS.m-3 (o), 10959 gTSS.m-3 () gave kStruv = 33.1±13.1 h-
1 and kDCPD = 53.1±13.7 h
-1.  
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4.4 Discussion 
4.4.1 Significance of parameter ranges 
Based on the results above, minerals can be classed as either rapidly forming (kcryst>5 h
-1 – struvite, 
ACP), moderately forming (kcryst~>1 h
-1 – DCPD, OCP) or slow forming (kcryst<0.5 h-1 – calcium 
carbonate in real wastewater). In at least one case (Experiment 3), calcium carbonate mineral 
formation was substantially retarded (<0.2 h-1), but in general, minerals precipitation rates were 
consistent across all three experiments.  This indicated that kinetic rate parameters may be 
transferable across different systems.  Parameters could be confidence-bounded or unbounded. Where 
parameters were unbounded, they were observed to be highly asymmetric and nonlinear (Figure 
4.3G), with model-data residuals generally increasing more gradually with larger coefficient values 
than the identified optimum. These findings indicated that the model was more tolerant to high values 
of kinetic rate coefficients (i.e. fast precipitation kinetics). This is in agreement with the findings in 
Chapter 3 and other studies (Ekama et al. 2006a, Musvoto et al. 2000a, van Rensburg et al. 2003) that 
reported on dominance and fast precipitation kinetics in wastewater. Further, the results in Chapter 3 
suggested that when process data was lacking for machine parameter estimation, arbitrarily high 
values of precipitation kinetic rate coefficients could be selected to provide realistic estimates of 
precipitation rates. However, based on the present results (Experiments 2 and 3), wastewater 
conditions could retard or slow the formation of some minerals, such as calcium carbonate 
monohydrate, for which arbitrarily high kinetic rate coefficients may then not be suitable. This offers 
the possibility to class minerals as fast, or slow forming, with fast forming minerals being given 
arbitrarily high kinetic parameters (e.g. kcryst=5 h
-1), and slow forming minerals being given order of 
magnitude low kinetic parameter values (e.g. kcryst=0.1 h
-1). Alternatively, depending on the system 
retention times, a slow forming mineral may be completely excluded from a model (especially where 
the parameter confidence interval overlaps the zero vector).  The kinetic value of fast minerals may 
only become important under specific cases (e.g., with small reactors for dedicated struvite 
crystallisation).  Finally, it is important to note that even where minerals shared solutes (DCPD, OCP), 
parameter correlation was low (Experiment 1). Accordingly, where multiple minerals are forming, it 
could be possible to independently consider individual minerals in the model fit. 
The estimated parameters obtained in the present study were lower than values reported by other 
studies (Musvoto et al. 2000a, van Rensburg et al. 2003). This difference could be explained to some 
extent by differences in model structure and the composition of wastewaters used. For instance, 
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Musvoto et al. (2000a) suggested that kinetic rate coefficients may not be transferable between 
different wastewaters and could vary by several orders of magnitude for wastewaters of markedly 
different composition. They ascribed these discrepancies to the presence of dissolved organic matter 
and inorganic constituents, which could act as inhibitors. In general, a parameter estimation routine 
could provide confidence in kinetic parameters in cases where sufficient process data is available for 
such analyses to be performed. 
4.4.2 Model performance 
The proposed model was able to reproduce the dynamics of state variables and provided an indication 
of relevant minerals. There were some minor dynamics that were not accounted for by the model 
(e.g., around 1.8 h in Experiment 1), which could have been caused by secondary mechanisms such 
as sorption of magnesium ions onto/into calcium phosphate precipitates (Ferguson and McCarty 
1971). This is seen in Figure 4.1C where the concentration of soluble magnesium decreased with 
calcium and phosphate before a substantial decrease in inorganic nitrogen was observed around 3.5 
h (Figure 4.1D). A sorption process is likely unnecessarily complex for most conventional wastewater 
treatment models and is most likely to cause discrepancies during highly transient conditions 
(particularly batch) (Chapter 3). The formation of other minerals such as dolomite was also explored, 
but their inclusion did not significantly improve model performance.  
The proposed kinetic rate expression with Xcryst and dependency on supersaturation provides a 
compact semi-mechanistic description suitable for coupling with biological models, and places a limit 
on precipitation rates to handle nucleation induction kinetics. Further, the combined equilibrium 
description based on thermodynamics provides a reliable estimate of saturation extents and does not 
introduce additional fitted parameters. Other studies (Musvoto et al. 2000a) have applied a kinetic 
approach for both fast reactions (acid-base systems) and slow reactions, which works well, but 
increases the number of dynamic state variables and can introduce model stiffness (Rosen et al. 2006). 
A recent study by Lizarralde et al. (2015) models precipitation kinetics based on constant specific 
surface area and Monod-style kinetics in mineral state, instead of the linear dependency on Xcryst used 
in the present study. The rate expression of Lizarralde et al. handles nucleation induction kinetics by 
an additional monod-style term in supersaturation, rather than the approach of the present study using 
small initial values of Xcryst for nucleation induction kinetics as indicated in Chapter 3. Both 
approaches may be valid but require considerable future work with experimental validation. 
However, in regards to the use of TSS as a lumped reference state for kinetics, the findings from the 
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present study (particularly for Experiment 7) suggested that native TSS does not necessarily dictate 
kinetics. In particular, struvite kinetics in Experiment 7 was largely insensitive to TSS content, 
whereas calcium precipitation was influenced to varied extents. Thus, it is suggested that the use of 
Xcryst is preferred as a reference state instead of TSS. Albeit, that in a continuous digester or 
wastewater process, the net effect may be the same, because the recycled pool of seed lies as a fraction 
within TSS.   
4.4.3 Model applications 
Multiple mineral precipitation modelling is important to reliably describe major chemical states in 
standard models (e.g. ASM series; Henze et al. 2000; ADM 1; Batstone et al. 2012) in a plant-wide 
platform (e.g. Benchmark Simulation Model (BSM2); Gernaey et al., 2014). Particularly, with the 
recycling of minerals in sludge, phosphorus, sulphur and major metals are exchanged between 
wastewater and minerals. Findings from the present study showed that only a few minerals may need 
to feature in realistic plant-wide descriptions, although such may be site or system-specific (Henze et 
al. 2000). With retention of mineral phases in sludge lines, a parallel precipitation modelling approach 
with dependency on mineral state (Xcryst) is useful (as used in the present study), because mineral 
states can be approximately tracked to capture longer-term effects in the plant-wide modelling 
context. For example, struvite started to precipitate immediately in Experiments 2 and 3, which 
showed that the existing struvite available in the wastewater was sufficient to drive and support 
precipitation (no nucleation induction was observed). In addition,  as noted in Chapter 3 the approach 
of including a small arbitrary amount of mineral phase in the initial conditions of the model, was 
capable of continuously capturing minerals precipitation driven by either pre-existing mineral phase 
(such as struvite in the present study) and/or minerals precipitation dictated by nucleation induction 
kinetics. Minerals precipitation modelling is also important in emerging applications such as nutrient 
and resource recovery. In such cases, a combined kinetic-equilibrium precipitation model (Section 
4.2.5) with machine estimation of kinetic parameters, can support system design as well as provide a 
measure of equilibrium yield. 
4.5 Conclusions  
A precipitation modelling approach proposed in Chapter 3 was validated with multiple minerals, via 
dynamic titration experiments with precipitation in synthetic wastewater, and via aerated precipitation 
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experiments in real wastewaters. The results showed that the model was identifiable and performed 
well at quantitatively describing the (parallel) precipitation of struvite, and calcium carbonate and 
calcium phosphate minerals. Minerals could be broadly classed on the basis of kinetic rate coefficient 
as either rapidly forming/strongly competing (kcryst>5 h
-1), moderately forming (kcryst >1 h
-1), and slow 
forming (kcryst <0.5 h
-1). Since the precipitation model equation set is kinetic-based, it can be readily 
integrated with biological reactions (e.g. ASM2d and ADM1) in plant-wide models used across the 
wastewater sector. 
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CHAPTER 5  
VALIDATION OF A PLANT-WIDE 
PHOSPHORUS MODELLING APPROACH 
WITH MINERALS PRECIPITATION IN A 
FULL-SCALE WWTP 
5.1 Introduction 
In the past, the major research emphasis of standard wastewater treatment models has been on 
modelling separate unit processes and operations (Batstone et al. 2002, Henze et al. 2000, Takács et 
al. 1991). However, processes are increasingly being described in an integrated manner. There has 
been a shift towards plant-wide modelling (Barat et al. 2013, Ekama 2009, Gernaey et al. 2014, Grau 
et al. 2007, Lizarralde et al. 2015), where the input/output of one unit operation is the output/input of 
another upstream/downstream unit. Commercial models (BioWin, WEST, GPS-X, SIMBA etc.) are 
already doing this, but there has been little systematic research validating standard models such as 
the ASM series and ADM1 in a plant-wide context and using real full-scale plant data. Only by 
modelling a wastewater treatment plant (WWTP) as a whole, can dynamics and interactions across a 
plant be captured (Batstone et al. 2006, Grau et al. 2009, Nopens et al. 2009, Volcke et al. 2006b). 
Such modelling can be very useful in optimizing design and operation, including plant-wide control 
strategies and mass balancing (Ekama et al. 2006b, Gernaey et al. 2014, Puig et al. 2008). Of 
particular interest is the kinetic cycling of phosphorus, which is a very important transformation 
(Batstone 2009, Batstone et al. 2015b). For example, in the WWTP there is a net uptake of soluble 
phosphate via intracellular polyphosphate storage in the activated sludge system (Arvin 1983, Gujer 
et al. 1995). In addition, potassium and magnesium are also taken up as counter ions within the cell. 
Sludge passes to the anaerobic digester, where phosphorus is released together with ammonia 
(Ohlinger et al. 1998), magnesium, calcium and potassium (Tchobanoglous et al. 2003) . The released 
phosphorus binds with magnesium and calcium to form struvite and other metal phosphates (Doyle 
et al. 2000, Ohlinger et al. 1998). The centrate (reject water) containing residual soluble phosphate 
and ammonia nitrogen is recycled upstream to the inlet of the plant, thus increasing the load of 
nutrients on the activated sludge process.  It is essential for a plant-wide model to reliably describe 
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the movements and cycling of phosphorus and other nutrients between biology and mineral 
precipitates, and their partitioning to liquid and sludge lines (Flores-Alsina et al. 2015a).   
The focus of standardized models of wastewater treatment to date (Batstone et al. 2002, Henze et al. 
2000) has been on biological processes, with much less attention given to physicochemical 
transformations (Batstone et al. 2012). However, the physicochemical description can be equally 
important in a model, as was illustrated above for the example of phosphorus. More recently, a few 
studies have described plant-wide model platforms with integrated biological and physicochemical 
processes (Barat et al. 2013, Flores-Alsina et al. 2015a, Ikumi 2011, Lizarralde et al. 2015). These 
studies have improved the understanding of nutrient cycling, particularly phosphorus. A modular 
expanded physico-chemistry platform, proposed in Chapter 3 and validated in Chapter 4 (Kazadi 
Mbamba et al. 2015b), is incorporated into the plant-wide model.  
The capabilities of a model to reproduce dynamic interactions between biological and 
physicochemical processes have also been previously demonstrated (Flores-Alsina et al. 2015b, 
Solon et al. 2015). However, the majority of work on plant-wide models have been validated using 
experiments in laboratory scale systems (Barat et al. 2013, Ikumi 2011, Ikumi et al. 2014, Lizarralde 
et al. 2015) or via purely model-based analysis (Flores-Alsina et al. 2015a, Grau et al. 2007, Volcke 
et al. 2006a). The transferability of laboratory scale results into modelling of full-scale WWTPs is an 
important issue and requires validation against full-scale plant data. Influences at full-scale may 
include large variations in influent flow and composition (Sin et al. 2005) which can uniquely 
translate through to the liquid and sludge lines. Only a few dynamic studies have validated either 
activated sludge or anaerobic digestion models against full-scale data, but with limited or no robust 
physicochemical frameworks (Batstone et al. 2009, Meijer et al. 2001, Puig et al. 2008, Van 
Veldhuizen et al. 1999). 
To address the needs outlined above, the study in this Chapter uses real plant data to evaluate an 
extended BSM2 plant-wide wide modelling framework (Flores-Alsina et al. 2015a) with a modular 
physico-chemistry framework (PCF) proposed in this thesis. The model analysis is extended to a set 
of test versions (two base cases and one scenario extension), also separately applying a dynamic 
influent description generated synthetically (Gernaey et al., 2011) and adjusted to the studied 
catchment characteristics. Consistency between model and expected results is further assessed. 
Finally, the effects of multiple mineral precipitation and potential nutrient recovery on overall process 
performance is further evaluated using the plant-wide model platform. 
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5.2 Materials and Methods 
Samples were collected from a full-scale wastewater treatment for compositional analysis. SCADA 
data of flows and results from routine sampling and analysis were provided by the full-scale plant 
owner/operator. These combined data were used for the model validation/testing. 
5.2.1 WWTP under study 
The modelled full scale WWTP was located in South East Queensland and was designed for removal 
of organic matter (COD), nitrogen (N) and phosphorus (P) from domestic wastewater of 
approximately 750000 equivalent persons.  Over the period 2014-2015 the average flowrate of 
influent wastewater was 143500 m3 day-1 and the influent discharge loads were approximatively 
100000 kg COD day-1, 5600 kg N day-1 and 730 kg P day-1. Figure 5.1 presents a simplified schematic 
flow diagram of the wastewater treatment process, which included conventional primary treatment, 
followed by six parallel bioreactors (four bioreactors in Stage 1 and two bioreactors in Stage 2(a stage 
refers to a parallel treatment train)) operated as 5-stage Barden-pho, consisting of two anaerobic, two 
anaerobic/anoxic, four anoxic, two aerobic/anoxic, three aerobic and one de-aeration, two post-anoxic 
and a one re-aeration (mixed liquor channel) compartments. Table 5.1 shows the dimensions of the 
physical compartments in the activate sludge treatment, with Stage 1 and 2 representing parallel 
treatment trains.  
The waste activated sludge (WAS) was pumped from the last bioreactor at a flow rate of 5600m3 day-
1 for both stages. Mixed liquor suspended solids (MLSS) were settled within twelve final settling 
tanks (eight for Stage 1 and four for Stage 2) to produce clarified effluent for final discharge to ocean 
outfall with dispersion. Settled solids were distributed to the bioreactors as returned activated sludge 
(RAS). The primary sludge was fed to two rotary screen thickeners (RST), while the WAS was 
separately thickened in four dissolved air flotation (DAF) units. The two thickened streams were then 
blended and sequentially fed to one of six digesters, with sludge age of about 20 days and operated 
at a mesophilic temperature (35-37 oC). The digesters were of a ‘fill and spill’ design, where digested 
sludge was drained by gravity equivalent to the volume of sludge fed. Each digester had a volume of 
approximately 5,000 m3, with a gas mixing system and liquid recirculation. When the biogas system 
was fully operational, the biogas produced by the anaerobic digesters was drawn from the digester 
floating headspace (about 700 m3) and transferred to generator engines to produce electricity. 
Digested sludge was mechanically dewatered in centrifuges up to 15 - 20% dry solids, before being 
transported offsite.
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Figure 5.1 – Simplified plant-wide layout of the full-scale WWTP under study. 
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Table 5.1 – Configuration of the physical compartments in the activated sludge plant. 
Activated Sludge Zone Physical tank volume (m3)  
Stage 1 Stage 2 
Anaerobic  1835 917 
Anaerobic/Anoxic Swing  1791 896 
Anoxic 6596 3298 
Anoxic / Aerobic Swing 3341 1670 
Aerobic 18566 9283 
De-aeration 3852 1926 
Post-anoxic  8898 4449 
Re-aeration 1984 992 
 
5.2.2 Wastewater characterisation 
5.2.2.1 SCADA data 
Daily average data were obtained from the supervisory control and data acquisition (SCADA) system. 
Data acquisition included online flow rates of biogas, water and sludge streams and air to the activated 
sludge system. The SCADA system did not record compositional analysis, which was instead 
measured and recorded separately as part of routine offline plant monitoring. 
5.2.2.2 Plant routine measurement data 
Data from routine sampling and offline analysis were provided by the plant operators for use in the 
model analysis. These included routine weekly measurements on composite samples from time-
proportional auto-samplers located at the influent, primary effluent, effluent (treated outflow), 
bioreactors, anaerobic digesters, and centrate. Analyses on the influent and effluent included chemical 
oxygen demand (COD), 5 day biochemical oxygen demand (BOD5), total solids (TS), volatile solids 
(VS), total suspended solids (TSS), volatile fatty acid (VFA), ammonia (NH4-N), and nitrate (NO3
-), 
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total Kjeldahl nitrogen (TKN), phosphate (PO4-P), total phosphorus, and alkalinity, soluble calcium 
(Ca), magnesium (Mg), sodium (Na) and potassium (K). Analysis was generally done using Standard 
Methods (APHA 2012) and full details are provided in Table 5.2. MLSS was measured and the solid 
retention time (SRT) or sludge age was controlled by manipulating the WAS flowrate in the activated 
sludge plant. 3-hourly data from the 24-27 April 2015 were used for the influent characterisation 
(Dataset 1), whereas data collated over the period from January 2014 to April 2015 were arbitrarily 
selected and averaged before use as a representative measure of steady state conditions (Table 5.3). 
The difference between the high frequency data and low frequency data was observed to be minimal. 
5.2.2.3 Intensive sampling and offline analysis 
Intensive sampling and offline analyses were carried out to augment routine measurements at the 
plant. Triplicate grab samples were collected weekly for two months in 50 mL vials over the period 
09/03/2015 to 03/05/2015 from the DAF unit outlet sludge pipe, the RST unit outlet sludge pipe, 
centrate from centrifuge and anaerobic digestate sludge from the recirculation pumps of the anaerobic 
digesters. Sample vials were stored in a cooler box with ice bricks and transported to an analytical 
laboratory at the University of Queensland. The samples were then centrifuged and filtered using 0.45 
µm (Millipore, USA) and stored at 4 oC until further analysis. All the samples were characterized for 
soluble composition using Inductively Coupled Plasma Optical Emission Spectroscopy (ICP-OES), 
flow injection analyser (FIA), ion chromatography (IonC) and a Total Carbon Analyser by the 
methods described in Chapters 3 and 4.  
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Table 5.2 – Standard methods and techniques used for plant routine measurements  
Characteristics Analytical method References 
Dissolved oxygen (DO) Standard method 4500 O (APHA 2012) 
Chemical oxygen demand 
(COD) 
Standard method 5210 B  (APHA 2012) 
5 day biological oxygen 
demand (BOD5) 
Standard method 5210 B  (APHA 2012) 
Soluble COD  Standard method 5220 D (APHA 2012) 
Flocculated Soluble COD Standard method 5220 D (APHA 2012) 
Total solids (TS) Standard method 2540 G (APHA 2012) 
total suspended solids (TSS) Standard method 2540 D (APHA 2012) 
Total dissolved solids (TDS) Standard method 2540-C  (APHA 2012) 
Volatile fatty acid (VFA) Standard method 5560 D  (APHA 2012) 
Ammonia (NH4-N) Lachat QuikChem, Method 31-107-
06-1-A, 31-107-04-1A, 31-115-01-3B 
(Instruments 1986) 
Nitrate (NO3
-) Lachat QuikChem, Method 31-107-
06-1-A, 31-107-04-1A, 31-115-01-3B. 
(Instruments 1986) 
Total Kjeldahl nitrogen 
(TKN) 
Lachat QuikChem, Method 31-107-
04-1-B, 10-115-01-1-S 
(Instruments 1986) 
Orthophosphorus (PO4-P) Lachat QuikChem, Method 31-107-
06-1-A, 31-107-04-1A, 31-115-01-3B. 
(Instruments 1986) 
Total phosphorus Lachat QuikChem, Method 31-107-
04-1-B, 10-115-01-1-S 
(Instruments 1986) 
Alkalinity Method 2320B  (APHA 2012) 
Total organic carbon (TOC) Method 5310B (APHA 2012) 
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Table 5.3 – Average (±95CI) steady-state influent compositions of the full-scale WWTP used for 
influent characterization (Dataset 1), dynamic model influent calibration (Dataset 2), plant-wide 
model calibration (Dataset 3) and steady state model validation (Dataset 4). 
Parameter Dataset 1 
21/4-24/4/15 
Dataset 2 
3/1/15 – 
27/4/15 
Dataset 3 
3/1 – 24/6/14 
Dataset 4 
2/7/14 -
27/4/15  
Total COD (gCOD.m-3) 699±38 728±45 811±64 676±46 
Soluble COD (gCOD.m-3) 217±9 - - - 
BOD5 (gCOD.m
-3) 232±13 267±15 290±15 253±22 
TKN (gN.m-3) 53.2±2 52±2 54±2.4 51.3±3.3 
Ammonium, NH4 (gN.m-3) 39.8±1.7 39.1±1.7 42±1.7 39±2.5 
phosphorus, Ptot (gP.m-3) 9.06±0.36 9.06±0.36 9.44±0.38 8.9±0.53 
Orthophosphorus(gP.m-3) 5.06±0.27 5.45±0.27 5.88±0.34 5.19±0.37 
Total organic carbon, TOC 126±7.6 117±7.6 137±8.5 104±9.1 
Total suspended solids, 
TSS (gTSS.m-3) 
375±17 375±17 383±25 372±25 
Volatile suspended solids, 
VSS (gVSS.m-3) 
337±16 337±16 348±22 331±23 
Soluble magnesium, Mg 
(g.m-3) 
53.1±4.2 50.2±3.6 57.2±5.2 45.8±2.6 
Soluble calcium, Ca (g.m-3) 47.1±1.5 46.3±1.3 48.7±1.8 44.3±2.6 
Sodium, Na (g.m-3) 418±37 395±31 445±45 358±39 
Potassium, K (g.m-3) 34.9±1.8 33.4±1.6 36.1±1.9 31.9±2.5 
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5.2.3 Plant-wide model  
5.2.3.1 Plant configuration  
The existing process flow diagram of the plant under study was applied to build the plant-wide model 
configuration making use of sub-model blocks from the Benchmark Simulation Model No. 2 (BSM2) 
described elsewhere (Flores-Alsina et al. 2015a, Gernaey et al. 2014). Briefly, the primary settling 
tanks were modelled as one non-reactive settler (Otterpohl and Freund 1992). Biochemical kinetics 
in the activated sludge plant were described by ASM2d (Henze et al. 2000), expanded to include 
physicochemical processes as described below (Flores-Alsina et al. 2015a). The total suspended 
solids (XTSS) was formulated as a non-conservative predicted state variable (Flores-Alsina et al. 
2015a, Gujer and Larsen 1995). For model simplicity, the activated sludge system was modelled as a 
single line, without considering multiple units in parallel (lumped approach). The secondary settling 
tanks were modelled as one non-reactive settler based on a ten layer Takacs model (Takács et al. 
1991)  with wastewater entering at the fifth layer, effluent exiting at the 1st layer (at the top of the 
settler) and settled biomass leaving from the base to be recycled back to the activated sludge as 
returned activated sludge. Sludge thickening (DAF and RST) and dewatering units were assumed to 
be ideal (with constant split fraction and characteristics) and with no hold-up volume (Jeppsson et al. 
2007). Biokinetics in the anaerobic digesters were described by the ADM1 (Batstone, 2002), 
upgraded to include physicochemical and biological phosphorus transformation (Flores-Alsina et al. 
2016). The role of phosphorus accumulating organisms (PAO) in the AD was described with the 
approach proposed by Ikumi (2011) and Wang et al. (2016). For simplicity and simulation efficiency, 
the six anaerobic digesters were modelled as one volume. This seemed justified because they were 
fed in parallel and there was limited per-digester data available. Averaging across the digesters also 
provides some data filtering. However, where model analysis requires refined resolution of separate 
digester performance, digesters could be modelled separately with unique feed properties and 
composition. To connect ASM2d and ADM1, model interfaces were used to translate modelled state 
variables, as described elsewhere (Flores-Alsina et al. 2016, Nopens et al. 2009, Volcke et al. 2006b). 
5.2.3.2 Plant-wide physicochemical module 
The physicochemical module was as described previously in Chapters 3 and 4, extended with 
sulphide, sulphate, iron, nitrate and nitrite reactive species. A brief description is provided here. The 
module consisted of two parts; an algebraic equation set for aqueous-phase reactions (weak acid-base 
and other ion-pair equilibrium) and rate expressions for minerals precipitation, minerals dissolution 
and gas transfer.  
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Weak acid-base reactions and ion pairing were mathematically described with a set of non-linear 
algebraic equations, which included one law of mass-action for each aqueous phase reaction and a 
number of molar contribution balances to satisfy the required degrees of freedom for the calculation. 
In general form, the mass action laws were implemented using equation 2.1:  
 
𝑎𝑖 = 𝐾𝑖 ∏𝑎𝑗
𝑣𝑖𝑗
𝑁
𝑗=1
      𝑖 = 1, 2… ,𝑁                                       (2.1) 
where 𝑎𝑖, is an iterative species expressed in terms of chemical activities,  𝑎𝑗 is ion pair, Ki is the 
equilibrium constant for aqueous phase reaction i, vi,j is the stoichiometric coefficient of the reactant 
or product j for aqueous phase reaction i. For a typical wastewater, 20 universal iterative species (Ac-
, Al3+, Bu-, CO3
2-, Ca2+, Cl-, Fe2+, Fe3+, H+, HS-, K+, Mg2+, NH4
+, NO2
-, NO3
-, Na+, PO4
3-, Pro-, SO4
2-
, Va-) and 118 species (ion pairs) were identified and included in the speciation model. 
In general form, the molar contribution balances were:   
 
𝑇𝑂𝑇𝑗 = 𝑍𝑗 + ∑𝑣𝑖𝑗
𝑁
𝑖=1
𝑍𝑖      𝑗 = 1, 2… , 𝑁 
                                      (2.2) 
where 𝑇𝑂𝑇𝑗 is the total measurable concentration of an aqueous phase ingredient which is the sum 
contribution of that ingredient in various chemical forms in the aqueous phase. 𝑍𝑗(= 𝑎𝑗 𝛾𝑗)⁄  is the 
concentration of the iterative species and 𝑍𝑖(= 𝑎𝑖 𝛾𝑖)⁄  is the concentration of other ion pairs. Activity 
coefficients (𝛾𝑗 or 𝛾𝑖) were determined from the Davies approximation with temperature correction 
and equilibrium constants (Ki) were also corrected for temperature using the constant-enthalpy form 
of the van’t Hoff equation. 
The kinetic part of the model consisted of dynamic state equations for total dissolved species and 
each mineral solid state (Xcryst, with units of moles.L
-1). The rate expression for minerals precipitation 
rate was (Kazadi Mbamba et al. 2015a): 
 𝑟cryst = 𝑘cryst𝑋cryst𝜎
𝑛                                       (2.17) 
where rcryst is the mineral precipitation rate (Kmoles.m
-3.d-1), kcryst is an empirical kinetic rate 
coefficient (d-1), 𝑋𝑐𝑟𝑦𝑠𝑡 (Kmoles.m
-3) is the concentration of precipitate at any time t (a dynamic state 
variable), 𝑛 is the order of the precipitation reaction (equal to 3 for struvite and equal to 2 for 
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amorphous calcium phosphate) with respect to supersaturation, 𝜎, calculated as follows for struvite 
as illustrated in Chapter 4: 
 
𝜎 =  (
𝑍(𝑀𝑔2+  ) × 𝑍(𝑁𝐻4+) × 𝑍(𝑃𝑂43−)
𝐾𝑠𝑝𝑆𝑡𝑟𝑢𝑣
)
1
3⁄
− 1 
                                      (4.1) 
where Z(Mg+2), Z(NH4+)  and Z(PO4-3) are the chemical activities of magnesium, ammonium and phosphate 
ions in the aqueous phase and KSP,Struv is the solubility product constant for pure struvite (10
-13.26, 
(Ohlinger et al. 1998)). 
Gas transfer included O2 and CO2 in ASM2d and CO2, NH3, H2O and CH4 in the ADM1, all of which 
were modelled as single-film mass transfer controlled processes (Batstone et al. 2002).  
5.2.3.3 Influent wastewater COD fractionation modelling 
The organic matter in the influent was fractionated into fermentable, readily biodegradable organic 
compounds, (SF), fermentation products (SA), inert soluble organic compounds (SI), slowly 
biodegradable organic compounds (XS) and inert particulate organic compounds (XI) as described by 
Henze et al. (2000). The fractionation of COD in the influent was performed using the routine data 
provided by the operators according to the standard Dutch STOWA guidelines for wastewater and 
sludge characterisation (Roeleveld and Van Loosdrecht 2002). Briefly, the biodegradable COD (SF + 
SA + XS) concentration was estimated based on BOD5 test data made available by the plant operator 
and using the method as described by Grady Jr et al. (2011). Fermentation products (SA) was 
estimated to be equal to measured VFAs. Readily biodegradable COD (SF + SA) was estimated using 
the floc/filtration procedure proposed by Mamais et al. (1993), based on the assumption that 
suspended solids and colloidal particulates are captured and removed by flocculation with a zinc 
hydroxide precipitate to leave only truly dissolved organic matter after filtration. 90% of the soluble 
COD measured in secondary effluent samples (treated outflow) was assumed to be non-biodegradable 
soluble COD (SI) as per (Siegrist and Tschui 1992). The inert particulate organics (XI) was initially 
estimated with the formula proposed by Grady Jr et al. (2011), however the final values of XI was 
determined after calibrating the sludge age. 
The values of influent variables such as total suspended solids (XTSS), total dissolved ammonia 
nitrogen (SNH4), nitrate (SNO3) and inorganic soluble phosphorus (SPO4) were assumed to be equal to 
experimentally measured values (average measured from composite samples taken from the influent 
every three hours for three days). Other variables in the influent, such as dissolved oxygen (SO2), 
dinitrogen (SN2), were set to zero, as indicated in Table 5.2. Particulate components, namely nitrifying 
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organisms (XAUT), heterotrophic organisms (XH), phosphate-accumulating organisms (XPAO), 
polyphosphates (XPP) and poly-hydroxy-alkanoates (XPHA), were assumed to be negligible in the 
influent as per Henze et al. (1995). Heterotrophic biomass fraction was incorporated into the slowly 
biodegradable COD fraction (XS), which is said to be acceptable with the use of ASM2d (Henze et 
al. 2000, Vanrolleghem et al. 2003). 
5.2.3.4. Synthetic (longer-term) influent data generation  
The static influent characteristics obtained from the analysis above, were used to estimate dynamic 
influent base characteristics. A phenomenological dynamic influent pollutant disturbance scenario 
generator (DIPDSG) described by Gernaey et al. (2011) was used to re-create longer-term dynamics. 
The influent (dry) flowrate was estimated by combining household (HH), industry (IndS) and 
groundwater infiltration (Inf) flowrates. Wet weather flowrate conditions were adjusted by actual 
rainfall time series data from the Australian Bureau of Meteorology. Pollution dynamics (COD, TSS, 
N and P) were described assuming the default pollution loads adjusted to the catchment 
characteristics. Specific characteristics related to the Southern Hemisphere were included. A detailed 
description on calibration of the BSM2 influent generator as applied to full-scale WWTP data is 
presented elsewhere (Flores-Alsina et al. 2014). A temperature module was not included because of 
the temperate climate in Queensland where the plant was located. Instead, a constant temperature of 
20oC was assumed in the activated sludge model. Finally, an additional module had to be included in 
order to capture the dynamics of cations (Na, K, Ca, Mg, Al, Fe(II) and Fe(III)) and anions (Cl, HS, 
SO4, NO2, NO3, Ac). These elements were chosen because they are defined as components in the 
speciation or pH sub-model described above and are important in general within wastewater treatment 
plants. The influent generator results were validated against a corresponding (but sparse) dataset for 
a subset of influent characteristics (See Results below).  
5.2.4 Model implementation 
The combined biological and physicochemical models together formed a differential-algebraic 
equation set, which was implemented as Matlab C-MEX files and was solved in 
MATLAB/SIMULINK (Version 8.1, Mathworks inc) as described in Chapters 3 and 4, and elsewhere 
(Flores-Alsina et al. 2015b, Gernaey et al. 2014, Solon et al. 2015).   
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5.2.5 Model calibration 
With the exception of the influent characterisation, model parameters for ASM2d and ADM1 were 
kept at default values (Batstone et al. 2002, Henze et al. 2000). The parameter set used in the plant-
wide application included primary settling, biochemical models (ASM2d and ADM1), settling model 
parameters, physicochemical model and thickening model parameters. Several mathematical 
calibration methods are used for activated sludge or anaerobic digestion models (Batstone et al. 2002, 
Batstone et al. 2000, Gujer et al. 1995, Rieger et al. 2012, Roeleveld and Van Loosdrecht 2002, 
Vanrolleghem et al. 2003), however none exists for plant-wide models. Therefore, a logical step-wise 
calibration procedure was carried out in which a few kinetic parameters were adjusted to minimize 
discrepancies between the model output and the static measured dataset from the plant (Dataset 2 in 
Table 5.3). These steps were as follows: 
Step 1: calibrating the primary settling tank. The incoming solids are concentrated into the sludge 
stream based on an empirical expression that takes into account the hydraulic retention time and the 
ratio particulate to total COD (Otterpohl and Freund 1992). The efficiency correction factor in the 
primary clarifier model was altered from 0.65 defined in BSM2 to 0.5, in order to correctly reflect 
the settled wastewater using the observed concentrations of suspended solids in the primary effluent 
as fitting output. Through adjustment of the settleability factors, 40% and 50% removal efficiencies 
were applied to slowly biodegradable particulate organics and inert particulate organics, respectively 
(Wentzel et al. 2007).  The plant-wide model is very sensitive towards change in the settleability 
factors of the slowly biodegradable particulate organics and inert particulate organics in the primary 
clarifier sub-model. A relatively small adjustment of these factors strongly affects the effluent quality, 
the SRT and the quality of WAS that is fed to the digesters and consequently biogas generation, P 
and N release.  
Step 2: calibrating the sludge age and settling parameters. The suspended solids in the mixed liquor 
and RAS were adjusted to the observed values of 4300 (±162) g m-3 and 7220 (±230) g/m3, 
respectively, by varying the WAS flow rate from 5600 to 5400 m3 d-1 and the inert particulate organics 
in the influent from 189 to 239 g COD m-3. As a result, the modelled SRT was estimated at 13 days, 
while the calculated plant SRT was 12.6 days. The parameters defined in BSM2 were used in the 
settling model (Gernaey et al. 2014). However, the use of default values defined in BSM2 for the 
settler model led to higher concentration of TSS in the secondary effluent. To match the solids 
concentration in the overall plant treated outflow, the flocculent zone settling parameter (rp) was 
slightly changed from 0.00228 to 0.002 m3.gSS-3, which is within the range of reported literature 
values (Takács et al. 1991). 
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Step 3: calibrating ASM2d kinetic and stoichiometric parameters. Default parameters for 
nitrification, denitrification and phosphate uptake/release processes gave reasonable results for the 
ammonia nitrogen, nitrate and phosphate in the secondary effluent, hence there was no need for 
further adjustment of kinetic or stoichiometric parameters. This indicates that the SRT was estimated 
correctly (Ekama 2010). 
Step 4: calibrating ADM1 parameters. With the exception of the hydrolysis kinetic parameters, 
ADM1 default parameters were adopted in this plant-wide study and gave reasonable agreement to 
the measured data. Kinetic parameters used to describe hydrolysis of proteins (Xpr), lipids (Xli) and 
carbohydrates (Xch) were modified to more realistic values. The default value of 10 days
-1 for khyd,pr, 
kyd,li and khyd,ch were thus reduced down to 0.3 days
-1 (Flores-Alsina et al. 2016). The original 
implementation of the Anaerobic Digestion Model No 1 (ADM1) (Batstone et al. 2002) has been 
upgraded with the Bio-P module in which XPAO, XPP and XPHA are included as state variables in the 
model (Flores-Alsina et al. 2016), and this upgraded model was adopted in the present study. Kinetic 
parameters reported in Ikumi et al. (2014) were used in this study. 
Step 5: calibrating physicochemical parameters. The aqueous phase equilibrium model used 
thermodynamic data from the Visual MINTEQ (Gustafsson 2015). The Davies approximation to 
activity coefficients was used with temperature correction, and equilibrium constants were also 
adjusted for temperature using the constant-enthalpy form of the van’t Hoff equation (Tait et al. 2012, 
Stumm and Morgan 1996). For minerals precipitation reactions, precipitation rate coefficients (kcryst) 
estimated in Chapter 4 were used, and these were 108 d-1 and 75 d-1 for struvite and amorphous 
calcium phosphate, respectively. These two minerals were identified as important in a batch minerals 
precipitation study described in Chapter 4, using wastewater from the plant currently under study.   
5.2.6 Model validation 
The model was validated under steady state conditions with averaged plant data (Dataset 3 in Table 
5.3) using parameters calibrated as outlined above. The model validation was carried out to check the 
predictive capability of the model by comparing the model output and the measured data. The 
following base cases were selected for model evaluation: 
i) Base case 1 – plant-wide model without solids precipitation 
ii) Base case 2 – with minerals precipitation naturally occurring in the anaerobic digester. This base 
case examined whether inclusion of minerals precipitation would be essential to reliably describe 
plant-wide performance. 
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The relative errors between the measured and simulated data were applied as a measure of the model 
prediction capabilities. The criteria that were used to assess model performance were effluent quality 
in the water line (soluble ammonia nitrogen, nitrate and phosphate), pH, nutrient content or 
concentrations (soluble ammonia nitrogen and phosphate) and biogas production by the anaerobic 
digesters. 
5.2.7 Model scenario 
A scenario analysis was used to investigate the performance of the plant-wide model, and the 
importance of minerals precipitation under steady-state and dynamic conditions. The following cases 
were selected for dynamic model evaluation: 
i) Base case 2 (with minerals precipitation) was used because it reliably described plant-wide 
performance at steady state (See below). 
ii) Scenario 1– with enhanced nutrient recovery using air stripping of digested sludge to raise pH, 
followed by a crystallizer and dewatering units (van Rensburg et al. 2003), as a result an expanded 
model configuration was used which did not represent the actual physical plant layout. Centrate was 
still returned back to the head of the WWTP. This scenario was designed to assess the potential of an 
emerging nutrient recovery technology for the plant under study.  
The Base case 2 and Scenario 1 above were analysed based on 500 days of simulation with dynamic 
influent conditions. To ensure that the model had reached steady-state before beginning analysis, a 
simulation was run for at least 200 days with a static influent and results at the end of the simulation 
was reused as initial values for the dynamic simulations.    
5.3 Results and Discussion  
5.3.1 Steady-state plant influent  
The averaged influent measurements and modelled influent composition are presented in Table 5.4 
and block diagrams of COD, N and P fractions are given in Figure 5.2. The plant raw wastewater 
influent had high levels of organic matter (699±45 gCOD.m-3) and could be ranked as medium strength 
wastewater (Henze 2008). The organic matter contained a significant quantity of soluble COD (31 % 
of total COD) including VFAs (26% of flocculated soluble COD), and this soluble fraction result 
                               Chapter 5 – Validation of a Plant-wide Phosphorus Modelling Approach 
  
111 
 
agrees well with other studies (Makinia et al. 2005, Meijer et al. 2001). The concentration of readily 
biodegradable fraction was high enough and indicated that the extent of biological phosphorus 
removal in the activated system would be high (Ekama 2010). The results of the characterization 
showed a low (0.42) ratio between the readily biodegradable and slowly biodegradable substrates. 
The ratio of inert particulate organic material and the slowly biodegradable particulate substrate was 
0.55, which is higher compared to the value (0.2) presented in ASM2d, but is in close agreement with 
other studies (Roeleveld and Van Loosdrecht 2002).  These ratios were assumed constant and were 
applied in the phenomenological model to derive the ASM2d dynamic state variables as presented in 
the Section below. About 76% of the influent total nitrogen (or TKN) concentration available for 
bacterial synthesis and nitrification was in the form of ammonia nitrogen (39.8±1.7 gN.m-3). This 
indicated that the wastewater influent contained 24% organic nitrogen, fractionated accordingly as 
shown in Figure 5.2. The influent contained 8.62 g.m-3 of total phosphorus, of which about 59% was 
soluble phosphorus (5.06±0.36 gP.m-3) and the remainder was particulate phosphorus. The conversion 
factors for SI (𝑖𝑁𝑆𝐼), SF (𝑖𝑁𝑆𝐹 and 𝑖𝑃𝑆𝐹),  XS (𝑖𝑁𝑋𝑆 and 𝑖𝑃𝑋𝑆) and XI (𝑖𝑁𝑋𝐼 and 𝑖𝑃𝑋𝐼) were adjusted to obtain 
the best fit for organic nitrogen and organic phosphate in the influent (Table 5.5). The influent 
wastewater also contained significant background soluble calcium (47 g.m-3) and soluble magnesium 
(53 g.m-3). The modelled influent contained 375(±17) gTSS.m-3 of total suspended solids (TSS) and 
337(±16) gVSS.m-3 of volatile suspended solids (VSS).  A similar ratio VSS/TSS of 0.9 was observed 
in the influent and primary effluent. 
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Table 5.4– Average steady-state influent composition and characterized model influent of the full-
scale WWTP. 
Parameter Measured 
influent 
composition 
(average±95CI) 
Measured primary 
effluent 
composition 
(average±95CI) 
Value used in the 
steady state model 
(ASM2d) 
Dissolved oxygen,  SO2, 
(g.m-3) 
assumed to be 0 assumed to be 0 assumed to be 0 
Total COD (gCOD.m-3) 699±38 - - 
Soluble COD (gCOD.m-3) 217±9 - - 
BOD5 (gCOD.m
-3) 267±15 241±15 -   
Readily biodegradable, SF 
(gCOD.m-3) 
N/A N/A 99.1 
Fermentation products 
(acetate), SA (gCOD.m
-3) 
N/A N/A 44.2 
TKN (gN.m-3) 53.2±2 - - 
Total ammonia nitrogen, 
NH4 (gN.m-3) 
39.8±1.7 48.6±2.6 
 
39.8 
Nitrate, NOx (gN.m-3) 0.06± 0.04 - 0 
Phosphorus, Ptot (gP.m-3) 9.06±0.36 - - 
Orthophosphorus (gP.m-3) 5.06±0.27 - 5.06 
Total organic carbon, TOC 
(gC.m-3) 
126±7.6 - - 
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Table 5.4 – Average steady-state influent composition and characterized model influent of the full-
scale WWTP (continued). 
Parameter Measured 
influent 
composition 
(average±95CI) 
Measured primary 
effluent 
composition 
(average±95CI) 
Value used in the 
steady state model 
(ASM2d) 
Inert non-biodegradable 
organics, SI (gCOD.m
-3) 
N/A N/A 29.4 
Inert, non-biodegradable 
organics, XI (gCOD.m
-3) 
N/A N/A 218 
Slowly biodegradable 
substrate, XS (gCOD.m
-3) 
N/A N/A 340 
Biomass (XH, XAUT, 
XPAO,XPP, XPHA) 
(gCOD.m-3) 
N/A N/A 0 
Total suspended solids, 
TSS (gTSS.m-3) 
375±17 199±16 375 
Volatile suspended solids, 
VSS (gVSS.m-3) 
337±16 176±15 - 
TVA (gCOD.m-3) 44.2±3.4 - - 
Soluble magnesium, Mg 
(g.m-3) 
53.1±4.2 - 53.1 
Soluble calcium, Ca (g.m-3) 47.1±1.5 - 47.1 
Sodium, Na (g.m-3) 418±37 - 418 
Potassium, K (g.m-3) 34.9±1.8 - 34.9 
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Figure 5.2 – Block diagrams for wastewater influent COD (A), N (B) and P (C) characterisation. 
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Table 5.5 – Conversion factors adjusted to determine the organic N and P fractions in the influent 
Parameter Symbol Unit  Default value After influent calibration 
N content of SI 𝑖𝑁𝑆𝐼 g N (g COD)
-1 0.01 0.007 
N content of SF 𝑖𝑁𝑆𝐹 g N (g COD)
-1 0.03 0.017 
N content of XI 𝑖𝑁𝑋𝐼 g N (g COD)
-1 0.04 0.023 
N content of XS 𝑖𝑁𝑋𝑆 g N (g COD)
-1 0.07 0.018 
P content of SF 𝑖𝑃𝑆𝐹 g P (g COD)
-1 0.01 0.0056 
P content of XI 𝑖𝑃𝑋𝐼 g P (g COD)
-1 0.01 0.0057 
P content of XS 𝑖𝑃𝑋𝑆 g P (g COD)
-1 0.02 0.0056 
5.3.2 Dynamic plant influent 
The purpose of fitting BSM2 influent generator model to full-scale plant data was to provide a 
representative input for dynamic simulation analyses. Figure 5.3 shows a representative full-scale 
data set over 500 days together with the influent generator model simulations for flowrate, COD, 
ammonia nitrogen and soluble phosphate starting from the 1st of January 2014. The influent generator 
provided modelled data at 15 min intervals, whereas actual measurements were relatively sparse with 
only weekly sampling and analysis. As is seen in Figure 5.3A, the contribution of rainfall had a 
significant impact on the flowrate profile and peaks, which also impacted on the concentrations of 
other components in the influent. Rainfall patterns were expected to affect the flowrate through 
infiltration to sewer pipes via the soil and run-off from impervious surfaces (Gernaey et al. 2011). 
Figures 5.3C and 5.3E show that there was a good agreement between measured and simulated 
concentrations of COD and TSS.  However, slight rises in COD were observed, likely due to “first 
flush” effects, where accumulated surface contaminants would have been washed off and re-
suspended in the sewers after the initial phase of rainfall events (Tchobanoglous et al. 2003).  The 
relative errors between the measured and modelled values of the means, 5% percentiles and 95% 
percentiles for representative variables in the dynamic influent are presented in Figure 5.4. For all 
inputs, the average relative error between predicted and measured input was less than 2%, showing 
excellent agreement, and in general, the 5%ile and 95%ile also differed from measurement estimates 
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by less than 10%. The exception was TSS, which had a very low mean relative error (0.2%), but a 
high 5%ile error (15%) and low 95%ile error (8%).  High accuracy of TSS prediction at the 95% 
percentile indicates that the “first flush” after rainfall events is adequately described while poor 
accuracy at the 5%ile may indicate a deficiency in the sensitivity of the model, which may require 
further improvements with complex descriptions of the catchment (Saagi et al. 2016). This 
methodology demonstrates how the commonly sparse level of data available from real plants can be 
expanded to the application of longer-term dynamic models.  An alternative would be collection of 
full-scale data, but this would require intensive and possibly very expensive sampling regimes (Rieger 
et al. 2010). Intensive longer-term sampling and analysis campaigns are needed in future work, 
including comprehensive cation analysis, in order to validate plant-wide models. Mg was not part of 
the influent generator model used but it was added based on the soluble COD dynamics. It would be 
worthwhile in future work to add all soluble components into the influent generator model to be able 
to calibrate them directly. However, the variability of Mg profile in Figure 5.3F (likely due to 
measurement error) could not be explained by the influent model structure. 
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Figure 5.3 – Dynamic plant influent for representative measured and simulation data. The black 
closed circles and the blue solid lines represent the measured and simulated results, respectively.  
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Figure 5.4 – Relative errors between the measured and predicted values for selected variables in 
the influent generator model.  
5.3.3 Plant steady-state response 
Plant-wide models connect unit processes and operations which interact dynamically via different 
major links of a wastewater treatment plant (Wentzel et al. 2007). Of particular interest is the link 
between the activated sludge (AS) and the anaerobic digestion (AD) treatments (Ekama et al. 2007). 
The most important interactions between the AS and AD systems in plant-wide context include: (1) 
Nitrate or dissolved oxygen in the return activated sludge (RAS) recycled to the anaerobic reactor 
that can depress the enhanced biological process removal (EBPR) due to heterotrophic organisms 
which consume fermentation products such as VFAs available to phosphorus accumulating 
organisms (PAOs) (Ekama 2010) ); (2) A depressed EBPR rate affects the effluent quality and P 
content of the WAS, leading to differences in the AD performance (for example, reduced mineral 
precipitation which could affect AD pH) (Flores-Alsina et al. 2016); (3) the recycling of nutrient-rich 
centrate from sludge treatment unit operations to the AS system has an impact of the secondary 
effluent quality, with a contribution of up to 25% of total nitrogen to the AS influent (Janus 1996, 
Volcke et al. 2006a); (4) the P content of the PAOs is limited by the available P. This implies that 
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higher concentration of readily biodegradable in the influent will lead to higher P content in the PAOs, 
when there is no P recovery taking place; (5) High release of ammonia nitrogen during anaerobic 
digestion could be correlated with high alkalinity (inorganic carbon). These interactions are important 
to bear in mind when evaluating plant-wide steady-state or dynamic responses. 
Figure 5.5 presents the modelled steady-state and average measured data for key variables such as 
soluble phosphate, ammonia nitrogen, pH and TSS. With the parameter adjustments around settling 
and sludge age (See Section 5.2.5 above), it was possible to obtain reasonable agreement between 
modelled and measured TSS, soluble phosphorus and ammonia in the different streams (Figure 5.5).  
The relative error between measured and modelled TSS ranged between 1 to 45%, with the highest 
error being seen in the centrate, most probably due to variable performance of the centrifuges at the 
plant as indicated by a high value of the 95% confidence interval. The differences between measured 
and modelled phosphorus throughout the plant were 2-15%, while the relative errors for ammonia 
nitrogen ranged between 1% and 44%. The relative error for measured and predicted pH in the 
primary effluent, treated outflow and the digester were 2%, 4% and 3%, respectively. However 
significant pH differences were seen in the sludge streams after the thickeners and the dewatering 
unit. For example, a notable relative error between measured and predicted pH, was observed in the 
DAF thickened sludge (20%) and RST thickened sludge (37%), likely due to soluble organic 
components transforming to fermentation products such as VFAs over these solid separation steps. 
To obtain a more realistic plant-wide model, the thickening effects would probably need to be 
combined with biochemical and physicochemical reactive models particularly for gravity thickeners 
with long retention times (18-24h). In the same line, the measured pH was observed to be 14% higher 
in the centrate after dewatering. A pH increase in the centrate would be an indication of inadvertent 
CO2 stripping in the pipelines around and during dewatering. This can be corrected for by integrating 
a gas stripping model in the dewatering steps, and, if required, a multiple minerals precipitation model 
before and within the dewatering unit. pH may also be influenced by the addition of flocculent aid 
ahead of thickeners and dewatering units. 
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Figure 5.5 – Steady-state comparison between the model prediction (Base case 2) and measured data for representative streams and variables across 
the wastewater treatment plant. 
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The model did not simulate biogas production well, with the model overestimating by 34%. However, 
the plant operator did note that biogas collection and biogas flow metering at the plant were currently 
extremely unreliable, and upgrades/corrective works were underway.  This is very common in older 
anaerobic digesters.  
Comparison between model and measurements suggested that the six anaerobic digesters onsite were 
performing differently. Table 5.6 presents averaged measurements for the various anaerobic 
digesters.  Phosphorus content in digesters 1 and 3 was higher than in digesters 2, 4, 5 and 6, which 
could have been due to different amounts/types of feed leading to different extents of phosphorus 
release. That is, digesters 2, 4, 5 and 6 might have been predominantly fed with thickened primary 
sludge, while the others were might have been fed with higher volumes of thickened waste activated 
sludge containing biomass with polyphosphate pools (Ikumi et al. 2014). The primary sources of P 
in the primary sludge were the slowly biodegradable and particulate inert fractions of which the 
organic P in the biodegradable organics is released as ortho-P in the AD, which is relatively constant. 
The higher the phosphorus content in a digester, the lower the content of cations such as Mg and Ca, 
indicating that minerals precipitation was prevalent in digesters 1 and 3. Digester 2 showed a different 
behavior with low phosphate release corresponding with the highest concentrations of ammonia 
nitrogen and total inorganic carbon.  High concentrations of ammonia nitrogen was associated with 
high alkalinity (inorganic carbon). Despite these discrepancies, the model analysis showed that 
aggregate liquid phase data (combined outflow from the various digesters) were strongly consistent 
with simulated results.  
In general, it is expected that the main advantage of a physicochemical model would be in modelling 
of the digesters, where non-ideal conditions prevail and where precipitation would be especially 
important. However, in addition, the comparison between the measured and modelled data for the 
Base case 1, presented in Figure 5.6, suggested a broader importance of precipitation modelling in 
the plant-wide context. The results showed that the Base case 1 (without minerals precipitation in the 
digesters) overestimated particularly phosphate release by 75% in the anaerobic digesters (Compare 
Figure 5.5 with Figure 5.6). Thus, inclusion of a minerals precipitation model (Base case 2) was 
important to achieve a reasonable description at a plant-wide level.
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 Figure 5.6 – Steady-state comparison between the model prediction (Base case 1) and measured data for representative streams and variables 
across the wastewater treatment plant. 
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Table 5.6 – Measurements of phosphorus, ammonia nitrogen, inorganic carbon, calcium and 
magnesium for the six individual anaerobic digesters onsite (AD1 to AD6). 
Parameters 
Anaerobic digester 
AD1 AD2 AD3 AD4 AD5 AD6 
PO4 [gP.m-3] 508±4.5 78±1.2 408±5 89±1.7 90.9±32 88.7±6.5 
NH4 [gN.m-3] 903±6.1 999±2.6 911±2.6 782±2.8 875±85 798±1.3 
TIC [gC.m-3] 692±16 977±28 703±6.6 770±7.5 826±13 784±15 
Ca [g.m-3] 32.1±0.4 49.8±1.42 32.6 ±0.5 80±0.6 84.4±3 68.3±1.3 
Mg [g.m-3] 19.2±0.6 30.5±0.9 12.8±0.14 44.5±1 51±12 33.3±1 
 
5.3.4 Plant-wide dynamic response and analysis of model variants 
In order to demonstrate the application of the plant-wide model, the Base case 2 and the Scenario 1 
were considered (see Figure 5.7).  The results indicated that simulations with minerals precipitation 
significantly reduced phosphorus (Figure 5.7B), ammonium (Figure 5.7C) and metal cations (Figure 
5.7D) in the digesters by approximately 0.5% and 2.5%, respectively. These changes resulted in an 
overall pH decrease by about 1% in the digesters (Figure 5.7A), due to a decrease in alkalinity as a 
result of minerals precipitation. Magnesium and calcium were expected to mineralise with phosphate 
to form amorphous calcium phosphate and struvite, respectively (Chapter 4). Although, carbonate 
minerals were not expected to be significant due to competition with faster-forming minerals for 
calcium ions (Chapter 4), the concentration of total inorganic carbon also decreased by 1.3% when 
Scenario 1 (with nutrients recovery) was implemented downstream (Figure 5.7E). This slight 
decrease is likely due to the reduction in inorganic carbon and consequently a change in the chemical 
species distribution of weak acid-bases and ion-pairs. Interestingly, the results were near identical for 
Base case 2 (minerals precipitation naturally occurring in the anaerobic digesters) and Scenario 1 
(plus chemically-assisted precipitation post-digestion), with the exception of phosphorus. This 
observation indicates that most of the precipitation that could happen in the sludge line (without 
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magnesium dosing), occurs inside the digesters (Harding et al. 2011, Ikumi et al. 2011). The release 
of phosphorus in the anaerobic digesters appeared to be 8% greater in Scenario 1 (with nutrient 
recovery) than in Base case 2 (without), indicating that the magnitude of phosphorus release by 
polyphosphate decay in the digesters is also linked to the phosphorus content in the influent via the 
centrate recycle. The P content of the PAOs is limited by the available P if the influent readily 
biodegradable concentration is relatively high, provided EBPR is not depressed by NO3 or dissolved 
oxygen discharged into the anaerobic tank of the activated sludge system (Grady Jr et al. 2011).  
Biogas production remained unchanged with the Base case 2 and Scenario 1, implying that minerals 
precipitation did not substantially influence the biological processes in the digesters, and hence the 
main value of advanced physicochemical models (under reasonable operating conditions) is 
simulating plant-wide behaviour. Physicochemical reactions heavily influence biological processes 
that occur in AS and AD treatments (Batstone et al. 2012). For example, the pH of a wastewater 
impacts on weak acid-base systems such as ammonia, carbonate, phosphate, sulphate and volatile 
fatty acids. These in turn dictate, indirectly via pH or through direct inhibition, the rate of many 
biological processes including nitrification/denitrification, uptake/release of phosphorus and 
anaerobic digestion (Flores-Alsina et al. 2015b, Ganigué et al. 2010, Hellinga et al. 1999, Lopez-
Vazquez et al. 2009, Serralta et al. 2004, Van Hulle et al. 2007). 
                               Chapter 5 – Validation of a Plant-wide Phosphorus Modelling Approach 
  
125 
 
 
Figure 5.7 – Dynamic simulations of the selected variables for the Base case 2 and Scenario 1 in 
the anaerobic digesters. The black solid and green (light grey in grey-scale print) solid lines show 
the simulation results for the Base case 2 (B2) and the Scenario 1 (S1), respectively. 
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Figure 5.8 shows the results of concentration profiles of phosphorus and ammonia nitrogen in the 
secondary effluent for the Base case 2 and Scenario 1. The simulation results indicated that the 
concentration of phosphorus in the effluent decreased by approximatively 30% for the Scenario 1. 
Whereas in the case of ammonia nitrogen, the reduction was small at 1.3% in the Scenario 1. The 
reduction of phosphorus in the effluent could be explained by the decreased contribution from the 
centrate flow back to the primary influent. The centrate stream (mean flow rate 688 m3.d-1) in the 
plant represented 0.46% of the total influent flow (149300 m3.d-1) to the primary settling tank but 
contained a high concentration of phosphorus (260 Pg.m-3). This phosphorus load represented about 
20% of the total phosphorus load entering the primary settling tank (6.2 Pg.m-3). When the Scenario 
1 (with nutrient recovery) was considered, the contribution of phosphorus to the primary influent 
decreased by 95%. These results show how important the interactions between the AS and AD 
treatments are. The recycled centrate increases in the influent the amount of readily biodegradable 
COD, such as VFAs, and P which results from biomass degradation in the AD. The increase in readily 
biodegradable COD and P content in the influent also increases the extent of biological P removal 
resulting in more minerals precipitation in the anaerobic digester as shown in the Base case 2.  
Interestingly, the model appeared to provide greater sensitivity in identifying trends and effects in 
phosphorus, when compared to the high variability in measured phosphorus (Figure 5.9).   
 In contrast to phosphorus, the relative contribution of ammonia nitrogen in the centrate back to the 
primary influent was significantly lower than that of phosphorus. For the Base case 2, the centrate 
contributed about 6% of the ammonia nitrogen loaded into the primary influent (42.8 Ng.m-3). This 
was because only a small portion of ammonia nitrogen had been recovered due to struvite 
crystallization from the centrate, while the large remaining fraction was recycled as dissolved 
ammonia back to the influent. Generally, the differences on average between the measured and 
modelled ammonia nitrogen concentrations in the treated outflow were very low when comparing the 
Base case 2 and Scenario 1, and were below 1gN.m-3. However the spikes in simulated ammonia 
concentrations corresponded very well to higher concentrations of total COD in the influent after 
rainfall events, again, likely due to “first flush” effects (catchment dynamics). The overall results 
indicated that nutrient recovery by struvite crystallization have additional plant-wide benefits, such 
as reducing the phosphorus concentration in the treated outflow.  
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Figure 5.8 – Dynamic simulations of the soluble phosphate and ammonia nitrogen in the treatment 
plant outflow the Base case 2 and Scenario 1 in the anaerobic digesters. The black solid and green 
(light grey in grey-scale print) solid lines show the simulation results for the Base case 2 (B2) and 
the Scenario 1 (S1), respectively. 
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Figure 5.9 – Dynamic simulations of the soluble phosphate and ammonia nitrogen in the treatment 
plant outflow the Base case 2 and Scenario 1 in the anaerobic digesters. The black solid and green 
(light grey in grey-scale print) solid lines show the simulation results for the Base case 2 (B2) and 
the Scenario 1 (S1), respectively. The closed circles are measured data for the treatment plant 
outflow. 
5.3.5 Model performance and use 
The overall results of this study demonstrates the usefulness of a plant-wide model for simulating 
complex interactions occurring in full-scale wastewater treatment plants. The application of activated 
sludge models requires fully characterised and adequately fractionated COD components (Henze et 
al. 1995, Vanrolleghem et al. 2003) and additional influent characterization of soluble chemical 
components to incorporate a physicochemical module. For a typical wastewater, 11 or more universal 
chemical components (Al, TIC, Ca, Cl, Fe(II), Fe(III), sulphide, K, Mg, Na and SO4) should be known 
as part of influent wastewater characteristics. But, in general, most plants carry out routine 
measurements which may also include limited measurements of soluble chemical components. To 
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increase the accuracy of prediction of pH and minerals precipitation, it is unfortunately essential to 
carry out additional measurements to cover all the relevant components that play a significant role in 
the physico-chemistry module. Acid-base speciation and the role of pH are critical in modelling 
anaerobic digestion within a plant (Solon et al. 2015) and because of the apparent feedback effects of 
digestion on the whole plant (Section 5.3.4), the additional costs of expanded sampling and analysis 
may be justifiable. The influent wastewater characterisation is the most important aspect of modelling 
plant-wide wastewater treatment and needs to be performed accurately. If the concentrations of COD, 
P and N fractions are not known the plant-wide model will give erroneous simulation results (Henze 
2008, Vanrolleghem et al. 2003). The characterization of primary effluent and/or primary sludge is 
equally important, particularly for organic fractions in the PST and is required for the calibration of 
the PST model (Wentzel et al. 2007).  
Wastewater treatment plants are inherently nonlinear and dynamic systems (Jeppsson 1996). 
Consequently, dynamic influent flow and time-varying influent loads are key pieces of information 
required for testing a plant-wide model describing effects of daily and weekly variations, seasonal 
patterns and rain/storm events. The amount and quality of information and data available for the 
dynamic influent will generally depend on the intended purpose of a plant-wide model. When the 
model is intended to be used as a tool for increasing understanding and/or for scenario analysis 
simulations, a dynamic influent generator model may be an efficient to tool to generate high 
frequency data and only require average daily (Gernaey et al. 2011) or even weekly measurements 
(Section 5.3.2). The influent generator model used in this study provided longer-term influent flow 
and pollutant profiles (dry and wet conditions) which were comparable to real full-scale data (Section 
5.3.2) and appeared to be reliable enough for plant-wide simulation (Section 5.3.3). However, when 
a plant-wide model is to be used for process performance and optimization, it may be necessary to 
obtain more accurate and realistic descriptions of the dynamic influent, pollutant composition and 
concentrations of all the relevant variables (Rieger et al. 2010). This is also true for stoichiometric 
and kinetic parameters, which may also require informed adjustment for process analysis (Dochain 
et al. 2001). For the present study, default parameter values were for the most-part sufficient, with 
adjustment of only a few parameter values (Section 5.2.5) to obtain reasonable general agreement 
between measured and simulated data. Step-wise calibration of parameters to adjust, was based on 
expert knowledge. Alternatively, a sensitivity analysis of the plant-wide model or each individual 
model could aid expanded model calibration (Flores-Alsina et al. 2016, Sin et al. 2005).  
The constituents of the inorganic suspended solids (XISS), partly derived from the polyphosphate (XPP) 
in the Activated sludge system, play an important role in total alkalinity and minerals precipitation 
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(Ekama and Wentzel 2004, Ekama et al. 2006b). However XISS was not modelled as a separate 
variable. While the objective of this method was not to challenge the base models used, a better 
approach may have been to model XISS using a constitutive (conservative) approach, which is 
impacted by precipitation, dissolution, and formation of XPP  (De Haas et al. 2004). 
The results of the present study showed that a plant-wide model incorporating minerals precipitation 
provides mechanistic analysis of phosphorous transport and partitioning (Section 5.3.3). Hence, such 
a model could be used for control strategies to optimize the secondary effluent quality in terms of N 
and P, minimize inadvertent spontaneous mineral precipitation while maximizing nutrients recovery 
(Gernaey et al. 2014), albeit that in general the natural precipitation in the digesters seemed to 
dominate (Section 5.3.4). Control strategies to prevent minerals precipitation from happening in the 
anaerobic digesters include operating digesters at a depressed pH (with some decrease in biological 
activity), to ensure conditions are below the saturation points of minerals (Doyle and Parsons 2002, 
van Rensburg et al. 2003). It should be emphasized that inclusion of a minerals precipitation model 
improved the prediction of the physicochemical components in the anaerobic digesters, but did not 
significantly impact on the biological performance of the digesters (given the moderate and not very 
variable loading). However, minerals precipitation did have feedback effects on the overall 
performance of the whole plant (Section 5.3.4), albeit not “critically”. The implication is that a 
modeller of a plant-wide model may or may not include minerals precipitation in the model of the 
digestion process, depending on the required sensitivity of the plant-wide predictions. However, 
minerals precipitation affects pH (through the weak acid/base chemistry) and potentially chemical 
inhibition of acidogenesis, acetogenesis and methanogenesis (Batstone et al. 2002, Flores-Alsina et 
al. 2016), which in turn may influence the overall performance of the digesters. This could 
particularly be important when the digesters are heavily loaded, or with co-digestion that can lead to 
more extreme operating conditions. In such cases, it is recommended that minerals precipitation be 
considered in the digesters of the plant-wide model. 
However, the two base case model versions in the present study reliably tracked the biological cycling 
of phosphorus throughout the entire wastewater treatment plant, whether without (Base case 1, Figure 
5.6) or with minerals precipitation (Base case 2 and scenario 1), and this is in general considered to 
be essential. For situations where chemical phosphorus removal is required, the chemistry of 
phosphate precipitation with calcium, aluminium or iron metal salts could be readily added using a 
simple modelling approach proposed in the present thesis (Chapter 4).  
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5.3.6 Implications to nutrients recovery 
Scenario 1 indicated that a dynamic plant-wide model could potentially be applied to full-scale design 
and optimization of nutrient recovery via a side stream struvite crystallization continuously treating 
the reject water. Furthermore, a plant-wide model could be used as tool to model and simulate the 
physico-chemical interactions that occur in the reject water between the three phases (liquid, gas and 
solid), in order to maximize nutrient recovery and to minimize chemical requirements. A basic design 
for a recovery process train would consist of a pre-treatment step, an optional air stripping section, a 
crystallizer, a chemical dosing system and dewatering system to separate struvite crystal product from 
the treated water (Le Corre et al. 2009). An air stripping section may be required to obtain an optimal 
pH for crystallization. Since magnesium concentration in a centrate is generally limiting, an external 
Mg source can be added, such as magnesium hydroxide (Mg(OH)2), magnesium chloride (MgCl2) or 
magnesium oxide (MgO) (Romero-Güiza et al. 2015). Addition of Mg(OH)2 or MgO slurry as Mg-
content may be more beneficial due their ability to also increase pH and thus reducing the use of more 
costly alkalis such as caustic soda.  However the choice of chemicals to be used and/or aeration 
requirements in the crystallizer will be dictated by the overall cost-benefit analysis and the intended 
purpose, quality and quantity of the final products. The success of implementing a nutrients recovery 
train in wastewater treatment will depend on its economic viability (Le Corre et al. 2009). When 
struvite recovery by crystallization is not economically viable, other new and emerging cost-effective 
technologies could be considered instead (Batstone et al. 2015a). In such cases, model analysis could 
also greatly clarify these aspects during the feasibility analysis phase, by providing a holistic picture 
of plant-wide performance. 
5.4 Conclusions 
A plant-wide model built with model blocks from BSM2 was able to effectively predict and/or 
estimate trends in a comprehensive set of outputs, including pH, suspended solids, effluent soluble 
ammonia and phosphate and other variables under steady-state and dynamic conditions. 
Discrepancies between measured and simulated values were within expected range of accuracy for 
complex plant-wide models, and were largely related to operational or equipment constraints, more 
specifically due to poor measurement of biogas flow and intermittent poor solids capture in 
centrifuges. Dynamic simulations indicated the inclusion of minerals precipitation in plant-wide 
model more reliably predicted the fate of phosphorus and other nutrients in the anaerobic digesters, 
with feedback effects on the overall plant performance via centrate recycling, which impacted on the 
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plant’s ability to achieve acceptable discharge nutrient limits. Minerals precipitation did not appear 
to markedly impact on the digestion biology under the examined moderate loading conditions, but 
the main value of the more comprehensive model with minerals precipitation appeared to be the 
effective analysis of the fate of nutrients, particularly phosphorous. 
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CHAPTER 6 
GENERAL DISCUSSION, CONCLUSIONS AND 
RECOMMENDATIONS FOR FUTURE WORK 
6.1 Introduction 
The present thesis used a number of study systems to systematically test and develop a minerals 
precipitation modelling approach, and to ultimately identify suitability for plant-wide applications. 
This chapter addresses the thesis aim as stated in Chapters 1 and 2, referring to the key findings of 
Chapters 3, 4 and 5, and highlighting the research significance. Lastly, this chapter presents 
recommendations for future work. 
6.2 General discussion 
6.2.1 The need for a minerals precipitation model 
Chapter 1 highlighted, based on inherent limitations in standard models used across the wastewater 
sector, a need to develop improved physicochemical modelling platforms. Chapter 1 also noted 
minerals precipitation as a particular class of physicochemical reactions requiring further model 
development. Other consequences of inadequate physicochemical models include inaccurate 
predictions of pH in activated sludge systems and anaerobic digesters, which in turn may impact on 
biological models (Batstone 2009, Batstone et al. 2012). There is a need to develop a minerals 
precipitation modelling approach with an appropriate level of complexity to allow use across the 
wastewater sector.  
6.2.2 Minerals precipitation model development  
To develop a tractable and robust minerals precipitation modelling framework, a trade-off between 
model complexity and performance was explored for a number of general study systems. As indicated 
in Chapter 2, a variety of kinetic rate laws have been proposed by different studies of minerals 
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precipitation to date. Some simple approaches, such as pseudo-equilibrium and equilibrium (Henze 
et al. 2000, Ohlinger et al. 1998) seemed to be attractive for providing promising baseline options to 
study minerals precipitation in wastewater treatment, but may provide inadequate model results. On 
the other hand, more comprehensive and detailed kinetic-based models (Musvoto et al. 2000a) 
appeared to have greater predictive capabilities, but at the expense of added complexity on-top of 
standard biological models, which could be difficult to justify and may limit broad scale application 
(Batstone et al. 2012). Chapter 2 identified a simple equilibrium-kinetic modelling approach which 
might be suitable for general use across the wastewater sector, because it appeared to be 
computationally flexible and reasonably identifiable. However, this identified equilibrium-kinetic 
modelling approach required systematic testing and validation.  
There was some similarity between the identified equilibrium-kinetic modelling approach tested in 
this thesis and approaches used by others (Barat et al. 2011, Batstone et al. 2012, Lizarralde et al. 
2015, Musvoto et al. 2000a). Similarly, a thermodynamic driving force (supersaturation) is typically 
referenced in the precipitation kinetics rate laws to influence the rate at which a particular mineral 
would form or potentially dissolve. Also, in general the rate of minerals precipitation is expected to 
be influenced to some degree by the availability of mineral surface area for growth of mineral 
precipitates (Koutsoukos et al. 1980). However, because it is generally difficult or impossible to 
measure or track mineral surface area throughout a wastewater treatment plant, a lumped growth rate 
coefficient (independent of changes in mineral surface area) has been commonly used (Musvoto et 
al. 2000a, van Langerak et al. 1995). Other studies have modelled precipitation using kinetics with 
constant specific surface area and Monod-style kinetics in mineral state, with nucleation induction 
kinetics being handled by an additional Monod-style term in supersaturation (Lizarralde et al. 2015). 
In contrast, the modelling approach tested in this thesis implies influence of mineral surface area by 
a 1st order dependency of precipitation rate on mineral solid states (as modelled). This then does not 
require detailed analysis of the surface area. This approach was tested in Chapter 3, confirming the 
linear dependency on mineral solid state, and showing an ability to model nucleation induction 
kinetics by setting an arbitrarily small amount of mineral state as an initial condition in the model. 
This is also applicable in a plant wide context when a system switches from undersaturated to 
saturated, since there will always be a residual amount of the mineral in the liquid circuit. In Chapter 
4 it was further studied whether modelled kinetics would be sensitive to the presence of different 
quantities of total suspended solids (TSS), and thus whether a model could use TSS (trackable in 
wastewater) as a surrogate reference state for mineral surface area. However, results from tests 
performed with different amounts of added TSS indicated that precipitation rate was less sensitive to 
TSS content than expected (Chapter 4). From these thesis findings it was recommended that mineral 
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solid states be retained as a reference state in a model instead of using TSS as a lumped reference 
state.  
Prior studies have used a sequential modelling approach whereby the precipitate rate laws describe 
formation of a less stable phase as a precursor which then redissolves to provide ions for a more stable 
phase to subsequently form (Barat et al. 2011). However, the presence of impurities in solution has 
been suggested to stabilize less stable phases, and conditions are then dictated by relative kinetics of 
various precipitation reactions in a wastewater (Cao et al. 2007, Ferguson and McCarty 1971, Meyer 
1984, Plant and House 2002). The parallel precipitation approach that is instead tested and validated 
in this thesis, assumes that various precipitation reactions occur simultaneously and independently 
and compete for the same pool of participating ions in the aqueous phase. This parallel modelling 
approach has been previously used by other studies (Ekama et al. 2006a, Musvoto et al. 2000a, van 
Rensburg et al. 2003) and was expected to be able to capture the effects of precipitation kinetics and 
growth inhibition on final mineral product mix. These assumptions were supported by results in 
Chapter 4 which showed that the parallel model performed well at quantitatively describing multiple 
minerals precipitation of struvite, calcium carbonate and calcium phosphate minerals, occurring 
simultaneously and indeed competing for common ions. Further, the parallel precipitation approach 
was able to estimate effects of wastewater matrix composition on final precipitation outcomes, by 
tracking mineral solid states in the model. For example, struvite was observed to form rapidly at the 
beginning of an aeration experiment in real wastewater, indicating that the existing amount of struvite 
in the original wastewater was sufficient to drive and support subsequent precipitation.  The results 
in Chapter 4 were in close agreement with results in the previous Chapter 3, indicating that the amount 
of existing mineral phase present in the wastewater was one of the most influential factors for 
precipitation reactions. 
6.2.3 Extent of model corrections 
Experiments in Chapter 3 investigated a number of factors that can potentially influence minerals 
precipitation and further developed and validated a precipitation kinetic rate law. The studied 
environmental factors included supersaturation, temperature, ionic strength and the effect of an 
impurity (in this case magnesium). Ionic strength (salinity), pH and ion complexation reactions (such 
as with magnesium impurity) strongly affected the aqueous solution composition and consequently 
the calculated level of supersaturation. But these influences could be readily accounted for using the 
equilibrium algebraic equation set describing the aqueous phase. The consideration of non-ideality in 
a realistic description of minerals precipitation model adds significant but unavoidable complexity to 
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a model. However, in general, the fundamentals of non-ideality are well understood and established, 
and no adjustable model parameters are required for the aqueous phase description. Further statistical 
analysis in Chapter 3 found that low ionic strength and pH did not have significant additional effects 
on measured precipitation rates (other than through their highly important, but readily included 
impact on supersaturation). Weak industrial wastewater and all domestic wastewater treatment plants 
usually have ionic strengths of less than 0.1M, whereas ionic strengths in anaerobic digesters can be 
as high as 0.2M or higher (Batstone et al. 2012). In general, kinetic effects of salinity on precipitation 
may become important when modelling wastewaters with very high salinity, such as at ionic strengths 
of 0.5M or more (sea water) (Zuddas and Mucci 1998)). 
In contrast, supersaturation, temperature and magnesium impurity exerted key influences on 
measured precipitation rates. The supersaturation showed the strongest effect on the rate of minerals 
precipitation and was identified as highly influential and necessary to account for in a model (Chapter 
3). The solution temperature was the next most influential variable. While the effect of temperature 
was not directly reflected in the rate expression subsequently used in Chapters 4 and 5, it could be 
corrected for with an Arrhenius expression applied to the rate kinetic coefficient (Mullin 2001). In 
Chapter 3, an Arrhenius-style expression adequately described the effect of temperature on calcite 
precipitation kinetics. However, the use of Arrhenius-style corrections is generally limited by a lack 
of activation energies for relevant minerals in wastewater treatment (Batstone et al. 2012). In general, 
the activation energies vary from 40-60kJmole-1 for minerals such as DCPD, amorphous iron sulphide 
and calcite (Harmandas and Koutsoukos 1996, Kazmierczak et al. 1982, Nancollas 1979),  70 
kJ.mole-1 for  struvite (Yu et al. 2013) and up to 180 for HAP (Inskeep and Silvertooth 1988). When 
the activation energies of interest are unavailable, arbitrary values can be used depending on the 
crystallinity and the crystal growth mechanism. The observed effect of magnesium was much weaker 
than that of supersaturation and temperature (Chapter 3). Therefore, the extent of correction due to 
inhibition on the precipitation rate kinetics with an adsorption expression such as Langmuir equation 
(van Langerak et al. 1999) maybe be considered as optional, except for mission critical modelling 
(e.g. crystallisers, scaling, mechanistic studies).  
6.2.4 Model behaviour in terms of parameter values and correlation 
One of the most important aspects of the present thesis was extensive experimental investigations to 
validate a physicochemical modelling framework. As indicated previously, the minerals precipitation 
model was first validated in synthetic wastewaters with a single precipitate (calcite) (Chapter 3). With 
these calcite experiments, the objective function for the kinetic rate coefficient (kcryst) showed strong 
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asymmetry, which suggested that the model was generally more tolerant to high values of kcryst. 
Accordingly, it was proposed that a modeller should use an arbitrarily high value of kcryst where 
insufficient process data existed to perform detailed model parameter estimation. However, results in 
systems with multiple minerals (Chapter 4) showed that a mineral in wastewater should in general be 
classed as either rapidly forming, moderately forming or slow forming. Analysis of confidence 
regions for fast forming minerals showed that the kinetic rate coefficient was either bound or 
unbound, highly asymmetric and non-linear (Chapter 4). Thus, when insufficient information/data is 
available, it was recommended that a modeller includes the relevant fast-forming minerals with 
arbitrarily high kinetic parameters. On the other hand, a low kinetic rate coefficient is recommended 
for slow forming minerals, and these should be readily identified through large deviations from 
observation, and may not need to be included in a  model, depending on the system retention times 
and model objectives (Chapter 4). 
6.2.5 Minerals to include in a model 
In a plant-wide model, it is important to select which minerals will form and thus are to be included 
in a model. This is the case for both equilibrium style precipitation models (Chapter 2) and kinetic 
style precipitation models (such as is used in the present thesis). On the basis of typical timescales 
relevant to biological wastewater treatment (on the order of days), a substantial amount of mineral 
phase could potentially form.  Detailed characterization of the different solid phases or minerals are 
rarely available in full-scale wastewater treatment plants. In this thesis, methods to identify 
precipitating species included prior knowledge, process understanding and equilibrium predictors 
(saturation index or SI values). An additional approach was also applied in the thesis based on model 
analysis, whereby a precipitating mineral was regarded as being important in the model, if inclusion 
of a kinetic rate law for that mineral statistically improved the model fit to measured data.  
Specifically, a test confirmed whether the kinetic coefficient (kcryst) values for particular minerals 
included in a model, were significantly different from zero (Chapter 4). Using the combination of 
methods, the present study (Chapter 4) showed that only a few minerals may need to feature in a 
realistic representation of a real wastewater. On this basis, the two minerals struvite and amorphous 
calcium phosphate appeared to be very important and were included in the anaerobic digester model 
of the plant-wide platform in Chapter 5. It is however recognised that wastewater conditions and thus 
minerals to include in a model could be site or system-specific (Henze et al. 2000).  
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6.2.6 Model application 
The minerals precipitation model elected in Chapter 2 was tested and validated as a stand-alone model 
in Chapters 3 and 4, and within a plant-wide model platform in Chapter 5 compared against a real 
dataset of a full-scale plant.  
Chapter 4 also tested the model prediction capability using a parameter set derived on a previous data 
set, to predict performance in a new data set from a repeat experiment. In general, the parameter 
values estimated from a different data set performed reasonably well at describing the data from the 
repeat experiments. Prediction of pH and dynamic state variables appeared to be reasonable. The only 
instance of poor prediction was total inorganic carbon (TIC), which was probably due to a difference 
between the replicate experiments in terms of gas transfer of CO2.  
The plant-wide model in Chapter 5 integrated the expanded physicochemical model with an expanded 
modified ASM2d, an upgraded version of ADM1, and with new interfaces between ASM2d and 
ADM1 (Flores-Alsina et al. 2015a, Flores-Alsina et al. 2016). The plant-wide model evaluation 
(Chapter 5) sought to assess whether the model was able to describe the water and sludge lines at 
different points along a real wastewater treatment process at steady-state. With default rate kinetic 
and stoichiometric parameters (Batstone et al. 2002, Henze et al. 2000), a good general agreement 
was obtained between a full-scale experimental data set and simulated results for mixed liquor 
suspended solids (MLSS), effluent suspended solids, effluent soluble ammonia and phosphate and 
other variables throughout the plant (Chapter 5). However, discrepancies were observed between 
measured and simulated pH values after thickeners and dewatering unit, indicating that the plant-
wide model required further refinement such as consideration of biochemical and physicochemical 
reactive models in the thickening effects.  
In addition, the plant-wide model analysis was extended to a set of test scenarios, incorporating a 
dynamic influent description, minerals precipitation and nutrient recovery to assess consistency 
between model results and expected performance trends. Dynamic simulation analyses indicated that 
the inclusion of minerals precipitation in plant-wide model offered multiple advantages in predicting 
accurately the fate of phosphorus and other nutrients across the whole wastewater treatment plant. 
The simulations indicated that the recovery of phosphorus from the sludge side-stream reduced the 
phosphorus load to the influent of the plant and therefore may have a significant impact on achieving 
acceptable nutrient limits in the final treated water outflow (Chapter 5). The overall results indicated 
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that the physicochemical model could be readily coupled with biological models in a plant-wide 
context.   
The physico-chemistry module developed by this thesis has also been adopted as a reference 
physicochemical sub-model in a number of other recent studies using the IWA Benchmark Simulation 
Model (BSM) (Flores-Alsina et al. 2015a, Flores-Alsina et al. 2015b, Flores-Alsina et al. 2016, Solon 
et al. 2015). These studies have shown that the minerals precipitation modelling approach is an 
indispensable tool within a plant-wide platform and can be used as an integral part to develop control 
strategies that optimize pH, minimize inadvertent precipitation and maximize nutrient recovery. The 
application of the physicochemical module of this thesis is also now being extended to other emerging 
research areas such as electro-dialysis modelling (Thompson Brewster et al. 2015).  
6.3 Conclusions 
The present study has demonstrated that an equilibrium-kinetic approach is suitable to model minerals 
precipitation in isolated systems (Chapters 3 and 4) and in a plant-wide context (Chapter 5). In this 
approach, fast reactions in the aqueous phase were modelled using equilibrium thermodynamics, 
while time-dependent reactions (such as precipitation) were modelled using dedicated kinetic rate 
laws. An aim was to determine the required complexity of a kinetic description that would give 
reasonable results with wastewater treatment modelling. The following were key experimental and 
modelling outcomes:  
1) The experimental investigations confirmed the proposed modelling approach was valid, 
particularly the dependency on supersaturation which showed the strongest effect. 
Temperature was also identified as an influential factor that (where possible) should be 
corrected for via an Arrhenius-style correction of kcryst. The influence of inhibition by 
impurities on kcryst was found to be significant but was considered an optional correction 
because of a lesser influence as compared to that of temperature, and because the parallel 
precipitation modelling approach could capture effects competitive kinetics. Other variables 
such as ionic strength and pH were adequately captured by the quasi-equilibrium description 
of the aqueous-phase and no further kinetic corrections were required.  
 
2) For applications, a proposed model includes precipitation kinetics, a 1st order effect of the 
mineral particulate state (Xcryst) and, a 2
nd or 3rd order dependency on thermodynamic 
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supersaturation, all as essentials. The modelling approach was considered reasonably 
identifiable and performed well at quantitatively describing the precipitation of struvite, 
calcium carbonate and calcium phosphate minerals in wastewater.  
 
3) For reliable identification of minerals to include in a precipitation model, a combination of 
prior knowledge, equilibrium predictors and statistical model analysis could be used.  
 
4) Minerals in wastewater treatment could be classed on the basis of kinetic rate coefficient as 
either rapidly forming (kcryst>5 h-1), moderately forming (kcryst >1 h-1), and slow forming 
(kcryst<0.5 h-1). This classification is important for wastewater modelling, where knowledge 
of kinetic rate coefficients and precipitates present can be limited. 
 
5) For fast-forming minerals (e.g. struvite), the model appeared to be more tolerant to a fast 
kinetic rate coefficient (kcryst). Thus, in general, it is recommended that a large kcryst value be 
used for fast-forming minerals and a low kcryst value for slow-forming minerals be nominally 
selected where insufficient process data is available.  
 
6) The amount of existing mineral phase present in the wastewater was one of the most 
influential factors for precipitation reactions. With larger amounts of mineral phase forcing 
precipitating or dissolving of the mineral in the wastewater more rapidly towards equilibrium, 
but the modelling approach tested in the thesis captured these effects well with the inclusion 
of the Xcryst state. Nucleation induction was also adequately represented with an arbitrarily 
small amount of mineral phase set in the initial conditions of the model. 
 
7) Despite limited operational and routine full-scale data, the plant-wide model was able to 
replicate with acceptable accuracy the trends in suspended solids, effluent soluble ammonia 
and phosphate and other variables under steady state and dynamic conditions.  
 
8) Plant-wide model offers multiple advantages in predicting accurately the fate of phosphorus 
and other nutrients in the anaerobic digesters and across the whole plant. The recovery of 
nutrients reduces the phosphorus load to the plant influent and therefore may have a 
significant impact on achieving acceptable effluent nutrient discharge limits.  
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6.4 Recommendations for future work 
The following are key recommendations for future work emerging from this thesis. 
1. The current speciation module that describes the aqueous phase reactions contains chemical 20 
components, each with a corresponding iterative species plus activity coefficient and ionic strength 
which are also iteratively calculated. For the speciation model to be a flexible tool of general use in 
the future, it is recommended that the approach outlined in this thesis be included into flexible 
computer code for easy expansion when new components are required in the speciation module. 
Furthermore, there is a need for the code to allow switching (or selecting) of the charge balance 
approach or proton balance approach.  
2. Numerical stability of the algebraic equation set requires further investigation and development. 
The current approach applies the Newton-Raphson technique, which requires a Jacobian (derivative 
matrix) to be calculated, and thus uses editor symbolic manipulation step. The approach, which results 
in an analytical Jacobian, a system which is numerically rapidly solved, but formulation of the 
analytical Jacobian is tedious and subject to human error. In order to improve the efficiency of 
computation and improve the accuracy of the aqueous system, other approaches, such as use of a 
numerical Jacobian, should be explored which would result in the Secant rather than Newton Raphson 
method, and would theoretically be numerically more stable.  This approach was trialled during the 
thesis, but could not converge for reasons which could not be fully explored, but are possibly related 
to the sparseness and size of the numerical Jacobian.  
3. Due to the moderate sensitivity of modelled minerals precipitation on the initial condition of the 
respective mineral states, a systematic analysis of the effect of these initial conditions is strongly 
recommended for future work 
4. The thesis used different methods to identify minerals to be included in the model, which were all 
model based. Experimentally-based techniques should also be further considered, in particular to 
provide an improved characterization of the precipitates formed in wastewater. X-ray diffraction 
(XRD) is a commonly used method for minerals characterization. However, it is most suitable for 
purely crystalline mixtures, whereas the mineral product from an anaerobic digester is laden with 
organic matter and amorphous minerals. Emerging techniques such as Mineral Liberation Analyser 
(MLA) and QEMSCAN techniques coupled with XRD may improve the characterization of minerals. 
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Such techniques are currently used during minerals and ore processing. However, further work is 
required to expand their application into wastewater treatment. 
5. The plant-wide model is a versatile tool useful for conducting complex simulation analyses and 
can be applied for design, operations, control strategies and optimization of wastewater treatment 
plants. However this application requires an additional detailed dynamic influent measurement and 
characterization for relevant physicochemical components in different streams of a wastewater 
treatment plant. The use and calibration of dynamic influent generators should be further explored. 
6. Discrepancies were observed between some measured and simulated values after thickening 
processes in plant-wide model, indicating that the model may benefit from further 
refinement/expansion, and particularly application using multiple full-scale references. For example, 
a model could be extended to include biological and physicochemical processes in the thickening and 
dewatering units, since their interactions are well established and understood.  
7. Further experimental and modelling work should investigate the effects of suspended solids on 
minerals precipitation in full-scale anaerobic digesters and crystallizers, especially for slow forming 
minerals.  
8. The findings indicate that a dynamic plant-wide model could potentially be useful for full-scale 
design and optimization of nutrients recovery via a side stream struvite crystallization treating 
continuously the reject water. Further research is required to investigate whether stripping carbon 
dioxide with air or chemical addition would be the most cost-effective method to reach an optimal 
pH in a crystallizer. In addition, since the magnesium ion concentration in the centrate is not enough 
to guarantee the stoichiometric demand for struvite formation, external sources such as magnesium 
hydroxide (Mg(OH)2), magnesium chloride (MgCl2) or magnesium oxide (MgO) are required. A 
plant-wide model should be used to carry out further economic viability and sustainability analysis 
required to identify appropriate Mg-source chemicals for struvite crystallization.  
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APPENDIX – SOFTWARE AVAILABILITY 
The MATLAB/SIMULINK codes used in this thesis can be found at 
http://doi.org/10.14264/uql.2016.206. The implementation of the physicochemical modelling 
framework in plant-wide context is also included in the software package. By using these codes, 
interested readers will be able to reproduce the simulated results summarized in this thesis.  
 
